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Abstract

Large language models (LLMs) are increas-
ingly used for natural language processing
tasks in data-scarce domains. In this paper,
we study their application to product matching,
the task of deciding whether two product de-
scriptions from two different e-shops describe
the same product. We use three recent LLMs
(Llama 3.2, Gemma 3, and DeepSeek-R1) to
enrich product records in product-matching
datasets with descriptions generated from the
limited available information, and we show
that the generated descriptions improve the per-
formance of both LLM-based and traditional
machine-learning matchers.

1 Introduction

Large language models (LL.Ms) have become ubiq-
uitous in natural language processing research and
practice. Models such as GPT-4 (OpenAl et al.,
2024), Llama 3 (Grattafiori et al., 2024), Gemma 3
(Gemma Team et al., 2025), and DeepSeek-R1
(DeepSeek-Al et al., 2025) have opened new possi-
bilities for applications in domains with limited an-
notated data, including text summarization (Zhang
et al., 2025), information retrieval (Li et al., 2025b),
machine translation (Kocmi et al., 2024), and ques-
tion answering (Yue, 2025). At the same time, these
models are known to suffer from well-documented
limitations such as hallucinations (Huang et al.,
2025), limited controllability (Li et al., 2025a),
and lower helpfulness for non-English languages
(Kocmi et al., 2025).

Product matching is a special case of the en-
tity resolution (Karapiperis et al., 2026) problem,
where the task is deciding whether two product
listings from different e-shops refer to the same
underlying product. It is also sometimes referred to
as product mapping. The input is a pair of product
records, typically consisting of the product name
and a few structured attributes (such as manufac-
turer, price, or category), sometimes accompanied

by short free-text descriptions; the output is a bi-
nary match/non-match decision for the pair. Prod-
uct matching is an essential step in applications
such as price-comparison portals, market analy-
sis, or merging and deduplicating product catalogs
from multiple sources. The task is difficult because
it requires correctly interpreting the meaning of
all texts characterizing the products and extracting
the most important information from them. While
it is easy to decide that two completely different
products are non-matching, the greatest practical
challenge is to distinguish similarly looking but
different products, for example two laptop models
with nearly identical names but different proces-
SOrS.

In many real-world settings, the available prod-
uct information is quite limited; some datasets con-
tain only product names. Using machine learning
in these cases is challenging. In this paper, we in-
vestigate whether LLLMs can be used to generate
more detailed product descriptions from the limited
available information and whether these generated
descriptions improve the performance of product-
matching models.

We evaluate three recent open-weight LLMs
(Llama 3.2, Gemma 3, and DeepSeek-R1)
on six product-matching datasets: ProMapEN,
ProMapCZ, and two versions each of Amazon-
Google and Amazon-Walmart. We use these LLMs
to enrich the product records in these datasets with
generated descriptions. Additionally, we compare
the results to baselines obtained with earlier LLMs
— ChatGPT 3.5 (Liu et al., 2023), Bard (Manyika,
2023), Llama 2 (Touvron et al., 2023b), and Bing
Chat (Mehdi, 2023) (now Microsoft Copilot, then
based on the GPT-4 model).

The main contributions of the paper are:

1. Evaluation of seven different LLMs with dif-
ferent prompts in the product-matching task.

2. Using LLMs to generate product descriptions
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in order to increase the performance of both
LLM-based and traditional ML-based match-
ers.

Additionally, as we compare two different gener-
ations of LLMs, we also discuss the improvements
made both to the models and to the tools used to
work with them.

2 Data and Models

First, we describe the datasets and LLMs used in
this work.

2.1 Datasets

ProMap (Mackové and Pilét, 2024b) is a collection
of product-matching datasets in Czech and English.
We use the extended versions (Mackova and Pilat,
2024a), ProMapCzExt and ProMapEnExt, which
contain roughly 1,500 product pairs each divided
into matches, close non-matches, and medium non-
matches. Matches are identical products; close
and medium non-matches are similar products with
the same brand, similar name, and similar price,
but medium non-matches allow larger attribute dif-
ferences. The extended versions of the ProMap
datasets add about 500 distant non-matches — pairs
of products from different categories. We use only
the test set, which contains 400 pairs. Each product
record includes its name, short and long descrip-
tions, specifications, and images. We omit the “Ext”
suffix and refer to these datasets as ProMapCZ and
ProMapEN.

Amazon-Walmart (Das et al.,, 2016) and
Amazon-Google (Kopcke et al., 2010) are more
classical datasets for product matching. They con-
tain only matching product pairs, so non-matching
pairs have to be generated. We use two ver-
sions of each dataset. The first version was in-
troduced together with the ProMap datasets; its
non-matches were created by choosing random
pairs of non-matching products. We refer to
these as Amazon-Google-ProMap (AmGoPm) and
Amazon-Walmart-ProMap (AmWaPm). The sec-
ond version comes from the DeepMatcher pa-
per (Mudgal et al., 2018); its non-matches are pairs
of products selected to be more similar to each
other, which makes this version harder than the
ProMap one. We refer to these as Amazon-Google-
DeepMatcher (AmGoDm) and Amazon-Walmart-
DeepMatcher (AmWaDm).

Apart from the different strategies used to gen-
erate non-matches, the ProMap and DeepMatcher

versions also differ in the textual information they
provide. The ProMap versions contain a short prod-
uct description in addition to the product name,
manufacturer, price, category, and model number.
The DeepMatcher versions contain only the prod-
uct name, manufacturer, price, category, and model
number; no short description is available. This
difference is important for our experiments, be-
cause for the DeepMatcher versions the generated
description is the only additional textual signal be-
sides the product name.

2.2 Models

As baselines we use the older LLMs Chat-
GPT3.5 (Liu et al., 2023), Bard (Manyika, 2023),
Llama2 (Touvron et al., 2023a), and Bing Chat.
They lack two features that are important for our
main experiments: structured JSON output and a
large context window. Further details are given in
Appendix A.

For the main experiments we use three mod-
ern open-weight LLMs that can be run offline
through the Ollama tool': Llama 3.2 (3B, Meta Al,
September 2024), Gemma 3 (12B, Google Deep-
Mind, March 2025) (Gemma Team et al., 2025),
and DeepSeek-R1 (32B, DeepSeek-Al, January
2025) (DeepSeek-Al et al., 2025). Ollama supports
JSON-schema-constrained output, which makes
parsing and reproduction easier, and the models ac-
cept up to 128k tokens, enabling few-shot-learning
prompts. Appendix C gives the exact model vari-
ants and runtime setup.

3 Related Work

Language models have been used for the problem
of product matching and the more general problem
of entity matching recently. Specifically, Peeters
and Bizer (2024) evaluate a large range of LLMs
in the entity matching problem and conclude that
LLM-based matchers should be preferred due to
their good zero-shot performance in cases where
it is expensive to maintain a good training set. Lo-
cally hosted LLMs can also be a privacy-preserving
alternative to API-based models. Nananukul et al.
(2024) evaluate different prompting techniques,
their costs and their effect on product matching
performance and show that LLMs can provide
a cost-efficient unsupervised alternative to tradi-
tional approaches. Steiner et al. (2025) fine tune
the LLMs for the product matching task and show

"https://0llama.com/
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that it leads to significant improvement for smaller
LLMs. Zhang et al. (2024) on the other hand cre-
ate AnyMatch, a small language model specifically
focused on entity matching and show that it can
provide competitive performance with much lower
computation overhead. Narayan et al. (2022) use
LLMs for error detection, entity matching, and data
imputation. Finally, Alves et al. (2024) experiment
with cross-lingual learning where they pre-train the
models on English data that are later evaluated on
Portuguese data.

While LLMs have been used for many tasks re-
lated to product matching and entity matching in
general, we are not aware of any works that use
them specifically to generate additional informa-
tion about the products or entities to improve the
performance of the matching models.

4 Generating product descriptions

Many of the product matching datasets contain only
basic information about the products, such as only
the product name, manufacturer and price as in
the DeepMatcher versions of the Amazon-Google
and Amazon-Walmart datasets (Amazon-Walmart
also contains product category and model number).
Such limited information makes product match-
ing harder, because the model has little evidence
beyond lexical overlap between titles. Different e-
shops often use different terminology for the same
product — for example, one title may call a device a
“laptop” while another calls it a “notebook”, or one
lists a “LED TV” while another uses “LED televi-
sion”. A matcher that relies on surface similarity
may therefore fail to recognize matching products
even when the underlying item is identical.

In this paper, we augment the datasets by gen-
erating richer product descriptions using LLMs.
The key motivation is that LLMs can leverage their
parametric knowledge to infer what a product is
and what it does from only a short title or a few
attributes, similarly to how people interpret e-shop
listings. The generated description can also “nor-
malize” heterogeneous terminology into a consis-
tent vocabulary, making it easier for downstream
matchers to identify matching products. This gener-
ated description contains more details for machine
learning models to decide whether two product de-
scriptions refer to the same product or not. Figure 1
illustrates the whole process.

We also generate descriptions for the ProMap
datasets, which already contain detailed descrip-

tions. In this case, we test whether the LLM-
generated descriptions provide an additional nor-
malization benefit beyond the original texts, par-
ticularly for keyword-based matchers such as the
ProMap-NN baseline.

In order to generate the descriptions, we use
a simple prompt that asks the model to create a
detailed description based on a JSON dictionary
containing the available product information. We
request the output in JSON format, containing the
product name, brand, price, and the generated de-
scription (the exact wording of the prompt is in Ap-
pendix C). We evaluate the quality of a generated
description by its effect on downstream product-
matching performance: a description is considered
better if it leads to higher F1 scores in the matching
task (the metrics are defined in Section 5.1). We
do not use lexical overlap metrics such as BLEU
against existing descriptions because the available
product information — which often already includes
the original description — is part of the prompt.
A model that simply repeats the input text would
score highly on BLEU without necessarily produc-
ing a more useful description for matching.

S Experiments

In this section, we first define the evaluation task
and metrics, then briefly describe baseline exper-
iments with older LLMs, and finally proceed to
describe the experiments with generating the de-
scriptions.

5.1 Evaluation Task and Metrics

All the experiments reported in this paper evaluate
the same task: the binary classification of prod-
uct pairs, i.e., determining whether two product
listings from different shops or catalogues refer
to the same underlying product. For the datasets
that distinguish several categories of non-matching
pairs (such as the close, medium, and distant non-
matches in the ProMap datasets), all non-matching
categories are merged into a single negative class.
We calculate precision, recall, and F1 for this bi-
nary classification task, treating same-product pairs
(matches) as the positive class.

5.2 Baselines

In this section, we describe the initial baseline ex-
periments we ran in product matching with several
widely used LLMs. These pilot experiments were
performed in July and August 2023, before the
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Figure 1: Illustration of the description-enrichment pipeline on one example matching product pair. First (steps 1-3),

each product record with only limited information (name, manufacturer, price) is passed to an LLM which generates
a detailed product description; the LLM output is constrained by a JSON schema and the generated descriptions
(shown shortened) from the two e-shops use a shared terminology (highlighted in bold), which makes the matching
decision easier. Then (steps 4-5), a matcher — an LLM prompted with the pair-by-pair or few-shot prompt, or the
trained feature-based ProMap-NN model — decides whether the product pair matches. The dashed arrow shows the
baseline variant, in which only the original product names are used and no descriptions are generated.

recent generation of open-weight models became
available. They provide a realistic point of compar-
ison: in production settings, it is not practical to
rebuild the entire pipeline every time a new model
is released, so understanding how the older genera-
tion performs remains relevant. More details about
these experiments, including the exact wording of
the prompts and some additional results where the
models are combined in a voting ensemble, are
presented in the Appendix (Section B).

More specifically, we evaluated two datasets
from the extended ProMap Datasets collection
— ProMapCz and ProMapEn — on four different
LLMs: ChatGPT3.5, Bard, LLaMAZ2, and Bing.
We also evaluated the ProMap version of the
Amazon-Walmart and Amazon-Google datasets
on ChatGPT and Bing. As most of these mod-
els are published without the possibility of being
fine-tuned for particular tasks, we directly asked
them whether the product pairs match without any
training. We used only the test part of the datasets.

We ran two types of experiments. In the first one,
we used only the names of the products; in the
other one, we used names with short descriptions.
This was required by the limitations of the mod-
els regarding the input size. We evaluated each
dataset three times with each model to reach more
objective results and to test the consistency of the
models. We report the average of the values in
the table below. After each evaluation, we created
a new conversation with the model to ensure that
the results from the previous run do not influence
the results of the new one. We tested two types of
prompts — Product Matching Championship and
Pair-by-Pair approach. In the Product-Matching-
Championship prompt, the prompt contains a list
of pairs of products and the LLM answers for each
of them in batches; in the Pair-by-Pair prompt, the
prompt contains only one product pair at a time.

Finally, we also compare the results to a more tra-
ditional ML model based on feature extraction and
neural networks. We chose the model introduced in
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ProMapCZ ProMapEN
model F1  prec. recall | F1 prec. recall
ProMap-NN-N | 0.74 0.70 0.79 | 0.69 0.63 0.77
ProMap-NN-D | 0.77 0.78 0.76 | 0.70 0.61 0.82
Bard-D/P 074 078 0.70 | 0.71 0.68 0.73
Bard-N/P 074 061 094 | 069 0.68 0.70
Bing-N/C 068 079 059 | 065 0.71 0.59
Bing-N/P 0.79 077 081 | 061 0.75 0.51
ChatGPT-D/C | 045 0.54 040 | 0.53 049 0.59
ChatGPT-N/C | 0.72 0.71 0.74 | 0.64 0.68 0.60
ChatGPT-N/P | 0.70 0.80 0.62 | 049 0.86 0.35
LLaMA-N/P 039 034 046 | 048 044 0.53

AmWaPm AmGoPm
model F1  prec. recall | F1  prec. recall
ProMap-N 092 090 094 | 099 1.00 0.98
ChatGPT-N/C | 0.67 095 0.52 [ 0.79 0.99 0.66
ChatGPT-N/P | 0.67 0.98 0.51 | 0.66 098 0.50
Bing-N/C 0.78 097 0.66 | 090 098 0.84
Bing-N/P 056 095 039 | 070 0.99 0.54

Table 1: Baseline results for the product-matching task. The table compares the feature-based ProMap-NN model
with older LLMs (Bard, Bing Chat, ChatGPT 3.5, and Llama 2) on the ProMapCZ, ProMapEN, AmWaPm, and
AmGoPm test sets. Suffix “-N” indicates experiments using only product names, while “-D” uses names and
short descriptions; suffixes “/C” and “/P” indicate the Product-Matching-Championship and Pair-by-Pair prompts,

respectively.

the papers on ProMap datasets (Mackova and Pilat,
2024b,a). The model is based on standard NLP
techniques such as tokenization of the text features,
lemmatization, and then cosine distance between
the tf.idf vectors. Other features based on keyword
detection were also added, and their similarity is
computed. A three-layer neural network model is
trained on these vectors to predict a similarity score.
A threshold is then set for the final classification
to matching and non-matching pairs. We call this
model ProMap-NN in the rest of this paper.

We present the results of these experiments in
Table 1 showing the performance of all the models
on all the datasets in all the runs. We use the suffix
"-N" in the model name to indicate the experiments
with names only, and the suffix "-D" to indicate
the experiments with names and descriptions. The
type of prompt is indicated by the letter after the "/":
"/C" for the Product Matching Championship and
"/P" for the Pair-by-Pair prompt. Note that some of
the models do not work with the Product-Matching-
Championship prompt. These are omitted from the
results. See the Appendix for more details.

The best results for the Czech ProMapCz dataset
were obtained with Bing (F1 score of 0.79 is
slightly better than that of the ProMap-NN model).

However, the best results for the ProMapEN
dataset were obtained by Bard (slightly beating the
ProMap-NN models). For the Amazon-Walmart
and Amazon-Google datasets, the ProMap-NN
model beats the LLMs. In the experiments, we
can also see that the Pair-by-Pair prompt often
provides better results that the Product-Matching-
Championship one. So, in the main experiments
in this paper, we focus only on the Pair-by-Pair
prompts.

From a more practical point of view, most of
these models lack simple interfaces. The experi-
ments with the baselines had to be done manually
and the model outputs had to be manually inter-
preted (these models do not support structured out-
put). This was also the main motivation for using
the Product-Matching-Championship prompt that
allowed for processing multiple product pairs in
batches, thus simplifying the manual process. The
modern models have simple APIs that can be eas-
ily used and, more importantly, support consistent
output in a structured JSON format, which makes
working with them much easier.
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5.3 Generated Descriptions

Now, we present the main results of the paper
— the effect of generating the product descrip-
tions using LLMs. We evaluate the three above-
mentioned modern LLMs (Llama3.2, Gemma 3,
and DeepSeek-r1) and the ProMap-NN model on
six datasets — two versions of Amazon-Google and
Amazon-Walmart datasets, and the ProMapEN and
ProMapCZ datasets. Because the Llama3.2 model
does not support Czech, we do not use it to gener-
ate the descriptions for ProMapCZ. We evaluated
its outputs in preliminary experiments, and the gen-
erated descriptions were very poor — the text is not
proper Czech, and it sometimes contains invalid
UTF-8 sequences, that complicate the processing.

For the NN-based ProMap model, we used the
same pre-processing as in the ProMap papers and
trained the model on the respective training sets.
We did two versions of the experiments — in one of
them, we included only the product name and gen-
erated description, in the other one, we included all
the available information. We test the version with
all information only with the ProMap-NN model,
as, especially in the few-shot learning prompt dis-
cussed below, the input would be too long for the
LLM:s.

For the LLM models, we generated prompts
based on the test sets of the datasets (no train-
ing or fine-tuning is done for the LLMs). We use
the prompt-by-prompt technique described in the
previous section with two different prompts. One
is a slightly modified version of the Pair-by-Pair
prompt from the baseline experiments — we only
added the instruction to answer using JSON. The
product JSON dictionaries contain only the prod-
uct name, or the product name with the generated
description. Additionally, we also experiment with
a few-shot-learning prompt that is extended by one
positive and one negative example taken randomly
from the corresponding training set. The exact
wording of both prompts is given in Appendix C.

All the source codes used to generate the
prompts and the resulting datasets with the gen-
erated descriptions are available as supplementary
material®. Details about the hardware and runtime
are provided in Appendix C.

The results of these experiments are presented
in Tables 2, 3, and 4. The dataset name in all the
tables consists of two parts — the first one is the
name of the original dataset, the second one is the

“Figshare: https://doi.org/10.6084/m9.figshare.29575358

name of the model used to generate the description.
DeepSeek-rl is abbreviated to DS-r1.

Tables 2 and 3 show the results of the tested mod-
els on data containing either only product names
from the indicated dataset or product names to-
gether with a generated description. The former
table shows the results of the LLMs with the simple
pair-by-pair prompt and of the ProMap-NN model,
the latter one shows the results of the LLMs with
the few-shot-learning prompt. We can see that in
almost all cases enriching the records with the gen-
erated description improves the performance. The
only exception is the Llama3.2 model that has bet-
ter performance without the generated description.
This is probably caused by the fact that the model is
the smallest one of the tested ones with only 3B pa-
rameters, making it too simple to fully understand
the longer prompts created when the generated de-
scription is included. For the ProMap-NN model,
the generated descriptions improve the results in
all cases except for the ProMapEN dataset. In most
cases, the descriptions generated by Gemma3 seem
to provide the best performance, although the dif-
ferences are not very large. For the ProMapEN
dataset, the ProMap-NN model is overfitting — the
scores on training data (not shown here) with the
generated descriptions are better than without them,
but the performance on the test data is worse.

For the DeepSeek-rl and Gemma, the re-
sults with the generated descriptions are also al-
most always better than without them (except for
DeepSeek-rl on AmGoPm and on ProMapEN).
The improvement brought by the generated descrip-
tion is much larger than in the case of the ProMap-
NN model. Interestingly, it seems that the gen-
erated descriptions improve mainly the recall for
Gemma3 and mainly the precision for DeepSeek-
rl. When comparing the individual LLMs to the
ProMap-NN model, we can see that without the
generated descriptions, their performance is gener-
ally poor, but with the generated descriptions, they
are very close to the ProMap-NN model and in
some cases even significantly better (e.g. Gemma3
on AmWaDm has F1=0.80, while the ProMap-NN
model has only F1=0.50).

Table 3 shows the results of the LLM models on
the same datasets, but using the few-shot-learning
prompt. We can see that, again, in most cases for
DeepSeek-rl and Gemma3, the results are better
with the generated descriptions than without them.
For Llama3.2, we again see that the shorter prompts
resulting from not using the generated descriptions
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model DS-r1_32B Gemma3_12B Llama3.2_3B ProMap-NN

dataset F1 Prec. Rec.| F1 Prec. Rec.| F1 Prec. Rec.| F1 Prec. Rec.
AmGoDm 0.39 031 051040 043 038|012 047 0.07|0.53 0.44 0.67
+ DS-r1_32B 046 041 051|052 041 0.71/0.09 0.61 0.05|0.53 047 0.62
+ Gemma3_12B [0.42 042 043]0.56 0.44 0.76|0.02 043 0.01[0.54 0.49 0.59
+ Llama3.2_3B [0.41 0.39 043]0.52 043 0.65]|0.02 0.27 0.01[0.54 0.48 0.62
AmGoPm 0.60 0.86 0.46|0.62 1.00 045/0.12 1.00 0.06 | 0.98 0.99 0.97
+ DS-r1_32B 0.55 1.00 0.38/0.84 1.00 0.73|/0.11 1.00 0.06 |0.98 0.98 0.99
+ Gemma3_12B [ 0.59 097 042]0.84 1.00 0.72]|0.04 1.00 0.02{0.97 098 0.96
+ Llama3.2_3B [0.54 0.99 0.37]0.82 1.00 0.69|0.09 1.00 0.05[0.98 1.00 0.96
AmWaDm 0.39 0.29 0.57]|0.53 0.67 044024 0.74 0.15|045 0.46 0.44
+ DS-r1_32B 048 043 055|068 0.61 0.780.17 0.82 0.09]0.49 0.53 0.45
+ Gemma3_12B [ 0.52 0.45 0.60|0.80 0.78 0.83|0.17 0.78 0.090.50 0.49 0.51
+ Llama3.2_3B [0.41 0.38 0.45(0.63 0.59 0.68|0.11 1.00 0.06 |0.47 0.43 0.51
AmWaPm 0.62 0.84 0.49|0.57 1.00 040/|0.21 1.00 0.12|0.90 091 0.89
+ DS-r1_32B 0.63 096 047|089 098 0.81|0.08 1.00 0.04 091 091 0.92
+ Gemma3_12B [ 0.72 096 0.57 |0.88 0.99 0.79]0.09 1.00 0.05]0.91 0.88 0.94
+ Llama3.2_3B [0.67 0.97 0.52]0.88 0.99 0.79]0.09 1.00 0.05[{0.90 0.88 0.92
ProMapCZ 0.58 0.59 056|066 091 0.52/0.26 0.88 0.15|0.74 0.70 0.79
+ DS-r1_32B 0.53 0.61 047|065 0.84 053|021 086 0.12]0.71 0.66 0.78
+ Gemma3_12B [ 0.59 0.64 0.55]0.69 0.92 0.55|0.13 0.78 0.070.74 0.70 0.78
ProMapEN 0.64 0.66 0.62|0.74 0.87 0.64|0.22 0.76 0.13|0.69 0.63 0.77
+ DS-r1_32B 0.59 0.68 0.51]0.74 0.73 0.74|0.18 0.77 0.10]0.64 0.50 0.89
+ Gemma3_12B | 0.61 0.64 0.57{0.79 0.84 0.75|0.16 0.82 0.09 |0.63 0.59 0.68
+ Llama3.2_3B [0.63 0.74 0.55|0.74 0.75 0.73|0.11 0.75 0.06 |0.65 0.57 0.75

Table 2: Results with the pair-by-pair prompt. Only the names of the products, or names and generated descriptions
are used. The model used for generating the descriptions is shown after the "+" in the dataset name. Bold values are
the best results for given dataset/model combination, indicating the best generated descriptions.

lead to better performance. We can, however, also
see that the few-shot-learning prompt gives much
better results than the pair-by-pair one for all the
models. The difference is most pronounced for
Llama3.2 (although its absolute results are still
quite poor compared to the other LLMs). With
the generated description and the few-shot-learning
prompt, DeepSeek-r1 and Gemma3 beat the simple
ProMap-NN model in most cases except for the rel-
atively simple AmGoPm and AmWaPm datasets.

When we compare the quality of the generated
descriptions by their downstream effect on product-
matching performance, Gemma3 is consistently the
best or very close to the best across all experiments,
regardless of which model is used for the final
classification. Gemma3 also has the best results
of the LLMs in the classification task, especially
with the pair-by-pair prompt. For the few-shot-
learning one, it is tied with DeepSeek-r1. This is
quite surprising given Gemma3 is a much smaller

model.

Figure 2 shows the critical difference plot
(Demsar, 2006) with statistical evaluation of the dif-
ferent model and prompt combinations and of the
different models used as product description gen-
erators. In the latter case, we removed the results
of the Llama3.2 model (when used for classifica-
tion) as it cannot successfully deal with the longer
prompts when using the generated descriptions. We
first ran the Friedman test to show that the differ-
ences are statistically significant (p < 0.0002 in
both cases), and then we used the Conover test
with Bonferroni correction as the post-hoc test.
The lines in the plot connect models that are not
statistically significantly different at significance
level o = 0.05. Tables with p-values for all pair-
wise comparisons are in the Appendix. The re-
sults are consistent with what we discussed above
— the Gemma3 and DeepSeek-r]l models give the
best results for the product matching task (with
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model DS-r1_32B Gemma3_12B Llama3.2_3B
F1 Prec. Rec.| F1 Prec. Rec.| F1 Prec. Rec.
AmGoDm 038 024 093 | 056 044 079|029 0.18 0.69
+ DS-r1_32B 057 043 084|053 039 086 |0.17 036 0.11
+ Gemma3_12B | 0.58 0.46 0.76 | 0.54 040 0.85|0.09 0.39 0.05
+Llama3.2_3B | 0.53 040 0.76 | 0.52 0.39 0.75]0.16 029 0.11
AmGoPm 092 089 094 | 093 1.00 087|080 095 0.69
+ DS-r1_32B 090 1.00 082093 1.00 087 |0.17 1.00 0.10
+ Gemma3_12B | 0.88 1.00 0.78 | 0.93 1.00 0.88 | 0.25 1.00 0.15
+Llama3.2_3B | 0.89 1.00 0.79 | 093 1.00 0.88 | 0.21 1.00 0.12
AmWaDm 038 024 087|054 045 0.68 027 0.18 0.52
+ DS-r1_32B 060 047 083 ]0.60 046 086 |0.11 0.79 0.06
+ Gemma3_12B | 0.75 0.70 0.80 | 0.70 0.58 0.88 | 0.05 0.50 0.03
+Llama3.2_3B | 0.59 047 0.78 | 0.58 045 0.78 | 0.09 0.60 0.05
AmWaPm 089 086 092|083 098 0.73|0.68 0.85 0.57
+ DS-r1_32B 091 098 0384|095 098 091 | 0.07 1.00 0.04
+ Gemma3_12B | 0.90 098 082 095 099 091  0.10 0.86 0.05
+Llama3.2_3B | 091 098 085|094 098 0.90 | 0.09 1.00 0.05
ProMapCZ 0.67 056 085072 0.78 0.66 | 047 044 0.51
+ DS-r1_32B 074 073 076 | 0.75 0.68 0.85|0.21 0.63 0.12
+ Gemma3_12B | 0.77 0.77 0.77 | 0.77 068 090 | 0.17 1.00 0.09
ProMapEN 076 0.67 087|077 0.75 0.78 | 0.34 0.76 0.22
+ DS-r1_32B 077 071 083 ]0.75 0.65 088 |0.11 0.86 0.06
+ Gemma3_12B | 0.78 0.81 0.75|0.79 0.70 091 | 0.07 0.67 0.04
+Llama3.2_3B | 0.76 0.75 0.77 | 0.75 0.64 091 | 0.06 1.00 0.03

Table 3: Results with the few-shot-learning prompt. Only the names of the products, or names and generated
descriptions are used. The model used for generating the descriptions is shown after the "+" in the dataset name.
Bold values are the best results for given dataset/model combination, indicating the best generated descriptions.

Gemma3 being significantly better than the base-
line ProMap-NN model). For generating descrip-
tions, the Gemma3 model is significantly better
than all the other ones (including not using any
generated descriptions at all).

Additionally, Table 4 shows the results of the
ProMap-NN model on the AmWaPm, AmGoPm,
and the ProMap datasets when all the available data
are used. We did not include the DeepMatcher ver-
sions of the AmWa and AmGo datasets here, as the
model only uses the product name from these, so
the results would be the same as those presented
in Table 2. The results show that even in this case,
where the datasets already contain some descrip-
tions of the products (only short descriptions in
the case of AmGo and AmWa, but relatively long
descriptions in the ProMap datasets), the generated
descriptions still improve the results slightly in 3
out of the 4 experiments. The only exception is
the ProMapEn dataset, where the results are better

without the generated description. Judging by the
scores on training data, it seems that the model
slightly overfits on this data and the problem is
more pronounced when the generated descriptions
are included.

6 Conclusion

In this paper, we have investigated the performance
of large language models on the product matching
task and compared them to a model fine-tuned for
this specific task. The results show that the best
modern LLMs can beat this domain-specific model
in most cases, except for the very simple AmGoPm
and AmWaPm datasets. This is an interesting re-
sult, considering the models were not specifically
trained for this task. In most cases, the Gemma3
LLM shows the best performance over most of the
datasets.

The newer models generally show improved
performance compared to the older baseline ones.
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Figure 2: Critical difference plots for different model and prompt combination (top) and for different description

generating models (bottom). Average normalized ranks

Dataset F1 Prec. Rec.
AmGoPm 0.97 098 0095
+ DS-r1_32B 0.99 0.99 0.98
+ Gemma_12B | 0.98 098 0.98
+ Llama3.2_3B | 0.98 0.99 0.97
AmWaPm 090 090 091
+ DS-r1_32B 091 0.88 093
+Gemma_12B | 0.92 0.88  0.96
+Llama3.2_3B | 0.92 0.89 0.95
ProMapCZ 074 072 0.77
+ DS-r1_32B 0.76 0.71 0.82
+ Gemma_12B | 0.73 0.73 0.73
ProMapEN 0.68 0.66 0.70
+ DS-r1_32B 0.62 0.57 0.68
+ Gemma_12B | 0.63 0.55 0.74
+Llama3.2_3B | 0.64 0.64 0.63

Table 4: The effect of generated descriptions on the
performance of the feature-based model while using all
the data available in the datasets.

While the older models are sensitive to the length of
the prompt and typically have worse results when
longer descriptions are included, for the newer
models, including additional information brings
clear advantages. However, the age of the mod-
els is not the only important aspect — the size of
the models is also important, as is demonstrated
by the Llama3.2 model with only 3B parameters.
It was unable to get good results in most of the
experiments.

We have also demonstrated that LLMs can be
successfully used to enrich product records with

(ordered in ascending order by F1 score — higher is better).

descriptions generated from the information avail-
able in the dataset. The enriched records generally
lead to better results.

Regarding the different types of prompts tested,
the few-shot-learning one that also contains an ex-
ample of a matching and a non-matching pair of
products significantly improves the performance
of the models. This is not that surprising — includ-
ing examples is a well-known prompting technique.
We have, however, also shown that for the smallest
model this may have a negative effect.

For the ProMapCZ dataset, the performance of
Bing is better than the performance of all the mod-
els, including the new ones, however, the difference
is not large. We believe this may be caused by the
fact that Czech is still relatively under-represented
in LLMs, and Bing is a much larger model than
those that we used for the experiments with the
newer ones. On the other hand, a huge advantage
of the newer models is that they can be used offline
without the need to pay API fees.

The results presented here for the baseline mod-
els were obtained during July and August 2023.
The results for the newer models were obtained in
June 2025. This shows that the current relatively
small open-weight models can beat much larger
models from only two years ago. We can expect
that further development of the models may lead to
even better results. It would also be interesting to
evaluate the models on multilingual datasets, where
each product in the pair would be in a different lan-
guage. We are, however, not aware of any dataset
that would provide such product pairs.
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7 Limitations

The main limitation of this work concerns the re-
producibility of the baseline experiments. Most
of them were conducted in July and August 2023
using ChatGPT3.5, Bard, Bing Chat, and Llama?2.
ChatGPT3.5 is no longer publicly available in the
version used in our experiments, and the web inter-
faces of Bard and Bing Chat have evolved substan-
tially since then. Moreover, the experiments with
the proprietary models relied on manual interaction
through web interfaces rather than on stable APIs.
Consequently, the exact model behaviours cannot
be reproduced precisely.

Additionally, we do not systematically check the
quality of the generated descriptions and evaluate
them only by their effect on downstream product-
matching performance. While this is a practical
and task-relevant evaluation, it does not directly
assess the factual accuracy or linguistic quality of
the generated descriptions.

Another limitation is the possibility of data con-
tamination, which affects how the results should
be interpreted. The proprietary baseline models
were accessed without an API, which means that
the inputs may have been subject to the providers’
terms and conditions and potentially used for fur-
ther model training. Prior work has documented
that closed-source LLMs can be exposed to bench-
mark data through such indirect leakage, artifi-
cially boosting their apparent performance (Bal-
loccu et al., 2024). Although the modern mod-
els evaluated in the main experiments are open-
weights models run locally, the possibility that
they or related proprietary models from the same
providers have seen similar product descriptions
during training cannot be fully ruled out. There-
fore, the strong results reported for the models,
especially those from large commercial providers,
should be interpreted with caution.
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Supplementary Materials
A Details about older LLMs

ChatGPT (Liu et al., 2023) is an LLLM developed
by OpenAl that was introduced in November 2022.
Its original purpose was to create human-like con-
versational dialogue and help with simple tasks
such as responding to questions and composing
various written content. It was soon discovered
that it could also be used for many other NLP tasks
such as information retrieval, text summarization,
question answering, or even simple mathematical
computations and code generation (Surameery and
Shakor, 2023; Tan et al., 2023; Frieder et al., 2023;
Lund and Wang, 2023).

Bard (Manyika, 2023) is an LLM developed
by Google that was introduced in March 2023. It
can also generate articles, poetry, and essays or
solve simple tests and exams. The main differ-
ence between ChatGPT and Bard is the data source
and its purpose. ChatGPT was developed as a
next-generation chatbot, whereas Bard is designed
specifically to assist research. Therefore, Bard can
browse the Internet and continually get new infor-
mation. Bard’s input is limited to 4k characters,
with a similar limit (5k) to its output.

LLaMA (Touvron et al., 2023a) is a family of
LLMs developed by Meta Al introduced in Febru-
ary 2023. In this group of models we consider
Llama?2, specifically in the 7B version. LLaMA’s
model weights are publicly released to the research
community under a non-commercial license and,
therefore, this LLM can be used offline.

Bing Chat is developed by Microsoft and was
introduced in February 2023 as a part of the Bing
search engine. Bing Chat is based on the Microsoft
Prometheus model, which has been built on top
of the GPT-4 large language model. GPT-4 is a
generative Al model created by OpenAl based on
transformer architecture and trained on a large cor-
pus of books. It was designed as a chat tool, to
write different types of text content such as poems,
songs, essays, and reports similar to ChatGPT. Sim-
ilarly to Bard, it was designed to include browsing
the internet and getting real-world data. Addition-
ally, along with information about searched queries,
it provides related links to the website containing
relevant information and includes images and logos
using its Image Creator. As with all the previous
language models and chatbots, Bing is multilingual
and supports hundreds of languages.

B Detailed Description of the Baseline
Experiments

This section contains an extended description of
the baseline experiments. These pilot experiments
were performed in July and August 2023 with sev-
eral widely used LLMs, before the recent genera-
tion of open-weight models became available. Al-
though some of these models (such as ChatGPT3.5)
are no longer publicly available in the exact version
we used, the results remain relevant: in produc-
tion settings, it is not practical to rebuild the entire
pipeline every time a new model is released, so
comparing the older generation with newer models
is a realistic evaluation scenario.

We evaluated two datasets from the extended
ProMap Datasets collection — ProMapCzExt and
ProMapEnExt — on all four LLMs in this category:
ChatGPT, Bard, LLaMA and Bing. We also evalu-
ated the ProMap version of the Amazon-Walmart
and Amazon-Google datasets on ChatGPT and
Bing. As most of these models are published with-
out the possibility of being fine-tuned for particular
tasks, we directly asked them whether the product
pairs match without any training. We used only the
test part of the datasets. We evaluated their results
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by measuring F1, precision, and recall. We ran two
types of experiments. In the first one, we used only
the names of the products; in the other one, we used
names with short descriptions. This was required
by the limitations of the models regarding the input
size. We evaluated each dataset three times with
each model to reach more objective results and to
test the consistency of the models. We report the
average of the values in the table below. After each
evaluation, we created a new conversation with the
model to ensure that the results from the previous
run do not influence the results of the new one. We
tested two types of prompts — Product Matching
Championship and Pair-by-Pair approach. In the
end, we also used the three predictions for voting
to evaluate the scenario in which the models are
queried multiple times about each of the products
and the most common answer is used.

B.1 Prompts

An important consideration while using LLMs is
how the prompts are formulated. We tried a num-
ber of different prompts, but the structure did not
seem that important as long as the model was able
to understand the question. In the end, we formu-
lated two prompts. One of them is formulated as a
Product Matching Game:

Hello, ChatGPT, let’s play a game called Prod-
uct Mapping Championship. The rules are sim-
ple. I will give you a list of pairs of products
from two e-shops and for each pair, you will
try to guess whether the products are the same
or not. If they are the same print 1 and if not
print 0. I will start with product names. Product
pairs are separated by enter and both products in
pairs are separated by tabulator. Ready to play?
Please while printing the response repeat both
product names and 1 whether they match or O if
not.

For the experiments with the product names only,
we then followed with a list of products in the form:

PRODUCTT1: First product name from pair 1
PRODUCT?2: second product name from pair 1
<empty line>

PRODUCTT1: First product name from pair 2
PRODUCT?2: Second product name from pair 2

For experiments with the product names and
short descriptions, we also added the description to
the prompt.

This form of the prompt has the advantage that
we can get the predictions for several pairs of prod-
ucts at the same time. However, some models were
unable to work with this kind of prompt due to
some limitations (limited input size, or they did
not understand the instructions). So, we included
also a second much simpler prompt — a Pair-by-Pair
one, and we repeated the same question for each
product pair:

Are these two products the same? Return 1 if
yes or 0 if no.

PRODUCTT: First product name

PRODUCT?2: Second product name

The example is for the experiment with names
only, for the experiment with names and descrip-
tions, we again added the description to the prompt.

In all cases, for the experiments on the Czech
datasets, the prompts were translated to Czech.

B.2 Model Outputs

These older models do not support any struc-
tured output (such as JSON according to a JSON
Schema), and while the instructions specify that the
models should answer only 0 or 1, most of the time,
the models include some additional information,
such as a more detailed explanation of the differ-
ences. This complicates any automated processing
of the answers and, together with the fact that some
models do not provide any free API, means that we
did most of these experiments manually, using only
simple scripts to generate the prompts based on
the pairs of products in the datasets. These scripts,
together with the labels provided by the models are
available as supplementary materials>.

B.3 Results

The results of the experiments with the older mod-
els are presented in Table 5 showing the perfor-
mance of all the models on all the datasets in all
the runs. We use the suffix "-N" in the model name
to indicate the experiments with names only, and
the suffix "-D" to indicate the experiments with
names and descriptions. The type of prompt is
indicated by the letter after the "/": "/C" for the
Product Matching Championship and "/P" for the
Pair-by-Pair prompt.

ChatGPT with the Product-Matching-
Championship prompt is very close to the
baseline ProMap-NN model when using only

Shttps://figshare.com/s/f918e978205b5a9c27ab
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ProMapCZ ProMapEN
model F1  prec. recall | F1 prec. recall
ProMap-NN-N 0.74 070 0.79 | 0.69 0.63 0.77
ProMap-NN-D 077 078 0.76 | 0.70 0.61 0.82
Bard-D/P 074 078 0.70 | 0.71 0.68 0.73
Bard-N/P 0.74 0.61 094 | 069 0.68 0.70
Bing-N/C 068 079 059 | 065 0.71 0.59
Bing-N/P 0.79 0.77 081 | 061 0.75 0.51
ChatGPT-D/C 045 054 040 | 053 049 0.59
ChatGPT-N/C 072 071 0.74 | 0.64 0.68 0.60
ChatGPT-N/P 0.70 080 062 | 049 086 035
LLaMA-N/P 039 034 046 | 048 044 0.53
Bard-D/P-vote 076 080 0.72 | 0.75 0.72 0.78
Bard-N/P-vote 075 062 094 | 067 0.66 0.68
Bing-N/PC-vote 0.80 0.78 0.83 | 0.62 0.78 0.51
ChatGPT-D/C-vote | 0.45 0.60 0.36 | 0.59 0.58 0.59
ChatGPT-N/C-vote | 0.74 0.78 0.71 | 0.67 0.72 0.62
LLaMA-N/P-vote | 042 029 045 | 050 048 0.53

AmWaPm AmGoPm
model F1 prec. recall | F1  prec. recall
ProMap-N 092 090 094 | 099 1.00 098
ChatGPT-N/C 0.67 095 052|079 099 0.66
ChatGPT-N/P 0.67 098 0.51 | 066 098 0.50
Bing-N/C 078 097 066 | 090 098 0.84
Bing-N/P 056 095 039 | 070 099 0.54
ChatGPT-N/C-vote | 0.69 098 0.54 | 0.83 0.99 0.71
ChatGPT-N/P-vote | 0.68 0.99 0.52 | 0.66 1.00 0.49
Bing-N/C-vote 0.80 098 0.68 | 092 1.00 0.86

Table 5: Results of the baseline experiments. For the voting version, we test the better from Product Matching
Championship and Pair-by-Pair versions. For Bing, it is Product-Matching-Championship on ProMapEN and

Pair-by-Pair prompting for ProMapCZ.

names of the products on the ProMapCZ dataset.
When the descriptions are also included, its
performance however drops significantly (from
F1 score 0.72 to 0.45), while the baseline score
grows from 0.74 to 0.77. It seems that the longer
description confuses the model rather than helping
it. The results with the pair-by-pair prompt are very
similar to the Product-Matching-Championship
ones. In the ProMapEN dataset, the situation is
similar — the best result is obtained with names only
and with the Product-Matching-Championship
prompt.

On the Amazon-Google dataset, ChatGPT is
able to obtain F1 scores of around 0.80 for the Prod-
uct Matching Championship prompt and around
0.65 for the Pair-by-Pair prompt. On the Amazon-
Walmart dataset, both prompts get similar F1 scores
of 0.67. Results on these datasets are thus much

worse than the baseline model. All the runs of both
the models have very high precision and very low
recall, meaning that the model struggles to iden-
tify matching pairs of products, but can distinguish
non-matching pairs.

Overall, ChatGPT typically has similar or better
results with the Product Matching Championship
prompt compared to the Pair-by-Pair one. Given
that it is also easier to use and allows an evaluation
of multiple pairs of products at the same time, we
would recommend using this prompt with Chat-
GPT.

Bard is unfortunately unable to work with the
Product-Matching-Championship prompt, so we
only used the Pair-by-Pair one. The results do not
seem to change much with the inclusion of the
product descriptions. Bard’s results are very close
to the baseline in all the tested cases.
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Llama? is a relatively small model and is thus
also not able to work with the more complicated
Product-Matching-Championship prompt. Llama2
also officially does not support Czech, which leads
to its results on ProMapCZ being much worse than
the baseline ProMap-NN model (Llama2 only got
F1 score of 0.39 — the worst result of all the mod-
els). On ProMapEN, its performance is also quite
poor, again obtaining the worst results of all the
tested models. Due to its poor performance on
the ProMap datasets, we did not evaluate it on the
AmWaPm and AmGoPm datasets at all.

We tested both prompts with Bing as the model
has the same baseline LLM as ChatGPT. Due to the
relatively long time it takes this model to generate
the answer (partially because it often uses the inter-
net to look up the specifications of the products),
we only ran the experiment with product names and
omitted the one with names and short descriptions.

Bing with the Pair-by-Pair prompt provided the
best result of all the models on the ProMapCZ
dataset, reaching an F1 score of 0.79, which is
better than the ProMap-NN baseline. The results
are better than ChatGPT, which should not be sur-
prising, as Bing is based on the newer version of
the GPT model. On ProMapEn, Bing got an F1
score of 0.61, lower than the 0.69 of the baseline
model. Bing got slightly better results with the
Product-Matching-Championship prompt on the
ProMapEN dataset, but much worse result on the
ProMapCZ dataset.

On the Amazon-Walmart and Amazon-Google
datasets, the Pair-by-Pair prompt gave much
weaker results than the Product Matching Champi-
onship. Compared to the baseline model, the results
on these datasets are again much worse, showing
that the baseline is quite strong for datasets with
rather simple non-matches.

B.3.1 Voting Models

As we ran each of the experiments three times,
we can also use the data to evaluate a situation in
which we ask the model three times about each of
the products and take the most common prediction.
The results of these experiments are also in Table 5
and use the "-vote" suffix. They are similar to the
ones obtained by each of the models. The best re-
sults using only names were reached by Bing with
F1 score of 0.80 on ProMapCz and by ChatGPT
and Bard with an F1 score of 0.67 on ProMapEn.
The LLaMA model again showed very poor and
inconsistent results for both Czech and English.

When we compare the models in the experiment
with names and short descriptions, the best result
was obtained by Bard with an F1 score of 0.76 on
ProMapCz and 0.75 on ProMapEn. ChatGPT with
descriptions has much lower score than ChatGPT
with names only even in this mode.

B.3.2 Overall Comparison

Regarding the overall comparison of the individ-
ual older LLMSs, the best results for the Czech
ProMapCz dataset were obtained with Bing. How-
ever, the best results for the ProMapEN dataset
were obtained by Bard. On the other hand, while
Bing had the highest F1 score, it was the slow-
est one. Bing and LLaMA were both the models
with the most limited input character size. Bing
was also the model that refused to follow required
instructions, especially when using the Pair-by-
Pair prompt. Therefore, even though Bing has the
highest F1 score, ChatGPT is much more user-
friendly and faster and evaluating ChatGPT is sig-
nificantly easier especially while using the Pair-by-
Pair prompt. Bard was the only model where short
descriptions helped to improve results. For Chat-
GPT, other information about the products only
worsened the results and Bing and LLaMA were
even not able to respond while including short de-
scriptions due to its strict input size limits.

C Implementation Details

C.1 Description Generation Prompt

The prompt used to generate the product descrip-
tions is shown below.

Create a more detailed description of the follow-
ing product given the information from the fol-
lowing JSON dictionary. Answer using JSON.
<empty line>

<JSON representation of product info>

The JSON representation of the product is di-
rectly a JSON dictionary whose keys are the col-
umn names from the dataset and the values from
these columns. We use the capability of the cur-
rent models to generate the output in a given JSON
Schema and request an output that contains the
product name, product brand, product price, and
the generated product description. The generated
product descriptions are processed in the follow-
ing experiments in the same way as if they were
extracted from the webpages. The specific JSON
Schema used can be found in the source codes.
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C.2 Models and Runtime

We use three LLMs to generate these product de-
scriptions — Llama3.2 (a small 3B parameter model,
digest a80c4f17acd5), Gemma 3 (a 12B parameter
model, digest f4031aab637d), and DeepSeek-r1 (a
32B parameter model, digest edba8017331d). All
these models are run through the Ollama API and
use the Q4_K_M quantization. All the models use
the default parameters from Ollama, except for the
input context size, which was set to default 4k to-
kens for the description generation experiments,
and to 12k or 32k tokens for the matching experi-
ments (the larger value was used only for the few-
shot learning experiments).

Llama3.2 is a newer version of the Llama2
model. It is developed by Meta Al and was intro-
duced in September 2024. The model is available
in four different sizes; we use the 3B variant as a
representative of a modern small model.

Gemma3 (Gemma Team et al., 2025) is devel-
oped by Google DeepMind and released in March
2025. It is intended for working on resource-
limited devices and excels in tasks such as question
answering, summarization, and reasoning. Several
sizes of the model are available; we use the 12B
version as an example of a modern middle-sized
model.

DeepSeek-rl (DeepSeek-Al et al., 2025) was
released in January 2025 by DeepSeek-Al and was
able to beat even larger and more complex models
in many different tasks. We use the 32B version of
the model distilled from Qwen.

The experiments were run on a heterogeneous
cluster with various types of GPUs. Most of the
experiments were run using nVidia A40 or nVidia
A100; some of them were run on an nVidia H100.
The specific GPU should not have any effect on the
final results as long as the whole model fits in the
GPU memory. The runtime of the experiments was
in the order of hours per dataset (most of the time
was spent generating the descriptions).

C.3 Product Matching Prompts

The prompt used for the Pair-by-Pair matching ex-
periments is shown below.

Are these two products the same? Answer using
JSON.

First product: <product1 JSON>

Second product: <product2 JSON>

The prompt used for the few-shot-learning

matching experiments, extended by one positive
and one negative example, is shown below.

Are these two products the same? Answer using
JSON.

EXAMPLE 1:

<empty line>

First product: <pos. ex., product 1>
Second product: <pos. ex., product 2>
<empty line>

Output: {"same_product”: true}
<empty line>

EXAMPLE 2: <empty line>

First product: <neg. ex., product 1>
Second product: <neg. ex., product 2>
<empty line>

Output: {"same_product”: false}
<empty line>

INPUT: <empty line>

First product: <product 1>

Second product: <product 2>

<empty line>

Output:

C.4 Statistical Evaluation Details

This section contains detailed results of the statisti-
cal evaluation. That were used to create the critical
difference plot in the main paper. Table 6 contains
the pairwise comparisons of different models and
prompt combinations on the product matching task.
Table 7 contains the pairwise comparisons of the
different models as description generators. In both
cases, the difference Conover test with Bonferroni
correction is used as a posthoc test after Friedman
test showed that the differences between the groups
are statistically significant.

768



Table 6: Details of statistical evaluation for different LLM/prompt combination and the ProMap-NN model. p-values
of Conover test with Bonferroni correction. Model names in columns are abbreviated (full names are in rows).

DS/FSL  DS/PP  G3/FSL  G3/PP L13.2/FSL L13.2/PP PM-NN
DS-r1_32B/FSL 1.0000 0.0000  1.0000 0.0488 0.0000  0.0000  1.0000
DS-r1_32B/PP 0.0000 1.0000  0.0000 0.0000 0.0001  0.0000  0.0000
Gemma3_12B/FSL  1.0000 0.0000  1.0000 0.0002 0.0000  0.0000  0.0297
Gemma3_12B/PP 0.0488 0.0000  0.0002 1.0000 0.0000  0.0000  1.0000
Llama3.2_3B/FSL 0.0000 0.0001  0.0000 0.0000 1.0000  1.0000  0.0000
Llama3.2_3B/PP 0.0000 0.0000  0.0000 0.0000 1.0000  1.0000  0.0000
ProMap-NN 1.0000 0.0000  0.0297 1.0000 0.0000  0.0000  1.0000

Table 7: Details of statistical evaluation for different LLMs as description generators. p-values of Conover test with
Bonferroni correction.

DS Gemma3 Llama3.2  None
DS-rl 1.0000 0.0249 1.0000 0.1133
Gemma3 0.0249 1.0000 0.0045 0.0000
Llama3.2 1.0000 0.0045 1.0000 0.4147
None 0.1133 0.0000 0.4147 1.0000
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