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Abstract

We introduce MARITIMEMAILS, a large-scale synthetic corpus of 19,817 English-language email threads simulating
maritime chartering negotiations between brokers and charterers. Email remains a dominant medium for business
communication, yet no public corpora exist for this highly specialized domain due to confidentiality constraints. To
address this gap, we generate domain-plausible negotiation exchanges using five contemporary language models
under multiple prompting strategies, including Attribute Prompting and Base—Refine (BARE) approaches. Each
thread includes structured annotations for vessels, ports, commaodities, and Incoterms, enabling supervised training
for information extraction and related tasks. Our comparative evaluation covering lexical and semantic diversity,
sentiment balance, and verbosity shows that BARE generation increases linguistic variation while maintaining
coherence. However, all models exhibit a systematic positivity bias, yielding less negative sentiment than is observed
in the Enron reference corpus and likely also in many real negotiation settings. Baseline information extraction
experiments with GLINER and generative Qwen models yield up to 0.86 macro F1 on entity extraction, supporting the
dataset’s usefulness. MARITIMEMAILS, together with prompts, scripts, and documentation, is released for research use.
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1. Introduction

1.1. Motivation

Although email remains a primary medium for pro-
fessional communication, with more than 300 billion
messages sent each day (Statista Research De-
partment, 2024), publicly available email datasets
are scarce. Most research still relies on the En-
ron corpus (Klimt and Yang, 2004), which dates
from the early 2000s and only partially reflects cur-
rent writing styles or specialized business domains.
This lack of data limits the development of NLP
systems that can process professional communica-
tion in specific industries. Similar shortages have
motivated research on synthetic data generation
as an alternative source of supervised training data
across multiple domains (Lu et al., 2023; Long et al.,
2024a; Li et al., 2024).

Maritime chartering is one such domain. Around
80% of global trade by volume is transported by
sea (United Nations Conference on Trade and De-
velopment, 2024), and most commercial arrange-
ments between shipbrokers and charterers take
place by email (Zhou et al., 2021; Shin et al., 2018).
These exchanges use specialized terminology and
abbreviations (for example, LOA, DWT, MV, and
MT) and follow a concise, negotiation-oriented writ-
ing style. Because authentic maritime correspon-
dence is commercially sensitive, no open dataset of
such emails is publicly available. As a result, mod-
els trained on general text may generalize poorly
when applied to this domain.

1.2. Contribution

This paper presents MaritimEmails, a synthetic
corpus of 19,817 email threads that simulate mar-
itime chartering negotiations in which brokers and
charterers exchange proposals and counteroffers
on freight rates, vessel specifications, and charter-
party conditions. We use several generation strate-
gies, including Attribute Prompting (AttrPrompting)
(Yu et al., 2023) and the Base-Refine (BARE) ap-
proach (Zhu et al., 2025), with five contemporary
language models to produce domain-plausible mar-
itime correspondence. Table 1 summarizes the
number of email threads generated per model and
method. The dataset includes structured annota-
tions for entities such as vessel names, ports, and
cargo types. ltis intended to serve a dual purpose:
as training data for building domain-specific NLP
models in a setting where no public corpora exist,
and as a benchmark for evaluating information ex-
traction methods across varying levels of linguistic
complexity. Predefined train/dev/test splits and the
systematic variation across generation methods
support both uses.

To evaluate the dataset’s usefulness, we estab-
lish information extraction baselines using both
span-based NER models (GLINER (Zaratiana et al.,
2023)) and generative approaches. These experi-
ments show that the generation strategy strongly
influences both textual diversity and extraction per-
formance: BARE-generated emails exhibit greater
linguistic diversity but are more challenging for en-
tity extraction. Our main contributions are threefold:
(1) a large-scale synthetic email dataset for mar-
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Method | Mistral DeepSeek Claude GPT-4 Gemini | Row Total
AttrPrompting 989 998 994 1000 1000 4,981
BARE (Llama-3.2-3B) 978 994 991 998 988 4,949
BARE (Llama-3.1-8B) 980 1000 993 997 994 4,964
Few-Shot 494 498 500 499 485 2,476
Zero-Shot 469 498 500 499 481 2,447
Total per Model ‘ 3,910 3,988 3,978 3,993 3,948 ‘ 19,817

Table 1: Synthetic email thread generation counts by model and methodology.

itime chartering with structured entity annotations;
(2) a comparative analysis of generation methods
and their effects on diversity and stylistic character-
istics; and (3) baseline results demonstrating the
dataset’s value for information extraction.

Paper Structure Section 2 reviews related work
on email corpora and synthetic data generation.
Section 3 describes the dataset design, genera-
tion process, and annotation scheme. Section 4
presents the evaluation framework and main re-
sults, and Section 5 reports the information extrac-
tion experiments. Section 6 discusses limitations
and outlines directions for future work. All data,
prompts, and annotation scripts are released for
research use.

2. Related Work

2.1. Genuine Email Datasets

Publicly available email datasets remain scarce
despite the importance of email communication
in business contexts. The Enron corpus (Klimt
and Yang, 2004), released in 2004, continues to
serve as one of the main public resources for email-
related NLP research. It has been used extensively
for tasks such as authorship attribution (Fabien
et al., 2020) and entity resolution in email conversa-
tions (Dakle and Moldovan, 2020). A more recent
effort, the MAILEX dataset (Srivastava et al., 2023),
adds structured annotations for event extraction but
still relies on Enron data. Related resources in ad-
jacent areas include the EmailSum dataset for ab-
stractive email thread summarization (Zhang et al.,
2021), which provides 2,549 annotated threads
but focuses on general workplace correspondence
rather than domain-specific negotiation. Existing
resources therefore do not adequately represent
contemporary business communication, especially
in specialized domains such as maritime chartering,
which has its own terminology and communicative
conventions.

2.2. Synthetic Data Generation

Advances in synthetic text generation provide new
ways to address data scarcity. This trend has been
documented in recent survey work on LLM-driven
synthetic data generation, including methods for
data creation, curation, and evaluation (Long et al.,
2024b; Nadas et al., 2025). Attribute Prompting (At-
trPrompting) (Yu et al., 2023) enables fine-grained
control over textual attributes through parameter-
ized prompts, producing diverse outputs while main-
taining attribute consistency. A key challenge is
crafting prompts that incorporate sufficient domain
knowledge while still allowing variation. The Base-
Refine (BARE) approach (Zhu et al., 2025) ad-
dresses the trade-off between quality and diversity
through a two-step generation process: a base
model (that is, a model that was not instruction-
tuned) first generates diverse drafts, potentially
at the cost of inconsistencies, and an instruction-
tuned model then refines them for coherence and
fluency, while preserving core content. This combi-
nation yields text that is more varied than standard
instruction-tuned outputs yet more consistent than
unrefined base generations. Recent work has also
explored hybrid or multi-model generation frame-
works to enhance diversity and control (Veselovsky
et al., 2025; Li et al., 2024, 2023; Lu et al., 2023).

2.2.1. Synthetic Email Generation

Research on synthetic email generation remains
limited. Most existing studies focus on stylistic anal-
ysis rather than systematic generation frameworks.
For instance, Liu et al. (2022) examined human
perceptions of Al-generated emails and found that
recipients reacted negatively when they knew that
an Al system was involved. Similarly, Li et al. (2025)
compared human- and model-written emails and re-
ported that LLM-generated emails tend to be more
verbose, more formal, and more stylistically uni-
form, but less linguistically diverse. Other work
has focused mainly on narrow applications such
as spam generation for classifier training (Heiding
et al., 2024; Karanjai, 2022) or personalized email
completion (Kumar et al., 2024). To our knowledge,
no study has proposed a framework for generating
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domain-specific email corpora. Existing research
also suggests that synthetic text generation often
reduces linguistic diversity and introduces system-
atic stylistic biases (Guo et al., 2023, 2024; Chen
et al., 2024).

3. Resource Description and
Generation Pipeline

Creating synthetic chartering emails requires care-
ful attention to domain plausibility and controlled
variation. We designed the corpus according to
four main principles. First, the emails should use
industry-specific terminology, including vessel pre-
fixes (MV, MT, SS), maritime abbreviations (LOA,
DWT, pdpr), Incoterms (standardized trade terms
such as FOB, CIF, and DDP that define delivery
responsibilities), and the concise style typical of
shipping negotiations. Second, each thread should
reflect plausible negotiation dynamics through iter-
ative offers and counteroffers, conditional clauses,
and a logical progression from initial inquiry to
fixture or failure. Third, maritime entities should
remain consistent within a thread while varying
across the dataset: vessels retain their size specifi-
cations, port pairs represent plausible trade routes,
and freight rates correlate with voyage distance.
Fourth, to reduce the risk of overfitting to narrow
stylistic patterns, we introduced variation in writing
style, formality, and English proficiency, including
minor typos and grammatical variation to better re-
flect real-world business communication. Similar
preprocessing and classification techniques have
been explored on proprietary shipbrokers’ email
corpora (Papageorgiou et al., 2024), underscoring
the practical relevance of realistic message struc-
ture.

To improve domain plausibility, we grounded
the generation process in genuine maritime data
sources. Vessel specifications were sampled from
the Global Cargo Ships Dataset (Ibrahim, 2023),
providing ship names, dimensions, and cargo ca-
pacities. Port locations were drawn from the Ship-
ping Ports Around The World dataset (Naik, 2023),
which contains over 450 major ports worldwide;
we geocoded these ports and used the Haversine
formula to obtain approximate inter-port distances
as a coarse proxy for voyage length and freight-
rate estimation. Sender and recipient identities
combine the 250 most common male and female
first names with 400 frequent US surnames from
the Name Dataset (Remy, 2021), enabling over
100,000 unique identity pairings. We selected US
surnames because they were readily available in
structured form. However, this choice limits the
cultural diversity of sender identities and may af-
fect entity extraction performance, as models could
learn to associate name patterns with specific entity

types. Future iterations could incorporate more in-
ternationally diverse name lists to better reflect the
global nature of maritime trade. These structured
datasets, combined with domain knowledge from
scraped maritime news articles and Wikipedia con-
tent, provided the foundation for generating emails
that balance domain plausibility with the controlled
variation needed for effective model training.

To investigate how different language models af-
fect the characteristics of synthetic maritime emails,
we use five contemporary models: Mistral (Jiang
et al., 2024), DeepSeek (Liu et al., 2024), Claude
(Anthropic, 2024), GPT-4 (Achiam et al., 2023),
and Gemini (Team et al., 2023). Applying identical
generation strategies across all models allows us
to compare model-specific effects on textual diver-
sity, sentiment distribution, and linguistic patterns.
Model scaling has well-documented effects on both
language diversity and stability (Kaplan et al., 2020;
Shumailov et al., 2024), which motivates evaluating
multiple model sizes in our setup. For the BARE
methodology, we use Llama-3.1-8B and Llama-3.2-
3B (Grattafiori et al., 2024) as base generators, tak-
ing advantage of their capacity for varied outputs
before refinement by the instruction-tuned models
listed above.

Data Format Each record is represented as a
JSON object containing an email_chain array
and a labels object with structured entity anno-
tations. Figure 1 shows a truncated example; the
full schema and a complete seven-email thread are
documented in the repository.’

4. Dataset Analysis and Evaluation

MaritimEmails contains threads of varying length
that simulate negotiations and inquiries between
shipbrokers and charterers. Threads contain be-
tween 1 and 35 emails, with an average of 5.2
messages per thread, totaling 103,705 individual
emails across the corpus.

Generation Distribution Table 1 shows that
the dataset is balanced across both models and
generation methods. Controlled generation ap-
proaches (AttrPrompting and BARE variants) ac-
count for about 75% of the corpus, with nearly
15,000 threads, while zero-shot and few-shot meth-
ods contribute the remaining 25%. Each model
generated between 3,910 and 3,993 email chains,
so that no single model disproportionately shapes
the dataset.

"https://github.com/ZurichNLP/
MaritimEmails
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{"email_chain": [

{"from": "m.mason@sealinetrading.com",

"to": "n.rosas@globalmaritime.com",

"subject": "Sugar Cargo -

Cadiz to Heiligenhafen',

"timestamp": "2014-08-13 09:23",

"body": "Hi Nate, \n\nLooking for a vessel to
carry 12,277MT of sugar from Cadiz to
Heiligenhafen. Need loading window around
end of August.\n\nBest regards, \nMia"},

{"from": "n.rosas@globalmaritime.com",

"to": "m.mason@sealinetrading.com",

"subject": "Re: Sugar Cargo - Cadiz to ...",

"timestamp": "2014-08-13 10:45",

"body": "Dear Mia, \n\nCan offer MV GEMMA for
yr cargo.\n- Rate: EUR44 PMT CIF\n- Laycan:
25-30 August\n- Demurrage: EUR 15,000 pd
pro rata\n\nBest rgds, \nNate"},

e 1y

"labels": {

"commodity": "Sugar",

"load_port": "Cadiz",
"discharge_port": "Heiligenhafen",
"cargo_size": "12277MT",
"incoterm": "CIF",

"vessel": "GEMMA", "dwt": "313049",
"final freight_quote": "42.5",
"final_ freight_quote_currency": "EUR",
"laytime_start_date": "2014-08-25",
"laytime_end_date": "2014-08-31",
"demurrage": "15000",
"demurrage_currency": "EUR"}}

Figure 1: Truncated example record showing the
first two emails of a negotiation thread and the as-
sociated structured entity labels.

4.1.

We evaluate the dataset using several complemen-
tary measures that capture both surface-level lin-
guistic properties and broader semantic patterns.
Our analysis focuses on verbosity, textual diversity,
and sentiment distribution.

Intrinsic Evaluation

4.1.1. Verbosity Metrics

We quantify structural characteristics using NLTK
tokenization (Bird et al., 2009) to compute the aver-
age number of words per email, average sentences
per message, and average words per sentence.
These metrics provide a rough proxy for communi-
cation efficiency and stylistic variation across gen-
eration approaches and model configurations.
The generated emails vary in length and com-
plexity across models and generation methods. Ta-
ble 2 reports average words per email, sentences
per email, and words per sentence for all config-
urations. Zero-shot prompting yields the widest
range of outputs, with Claude producing the short-
est emails (38 words on average) and DeepSeek
the longest (86 words). In contrast, BARE meth-
ods appear to have a normalizing effect, consis-
tently producing shorter and more uniform mes-
sages across models. This brevity is broadly con-
sistent with business communication, which often
favors information-dense writing. At the sentence
level, Claude generates the fewest sentences per
email, while Gemini and GPT-4 produce longer sen-

tences on average. These differences also have
practical implications for deployment: longer out-
puts from models such as DeepSeek and GPT-4
increase token usage, which affects API cost and
processing time when generating large-scale syn-
thetic datasets.

4.1.2. Lexical Diversity

We measure vocabulary variety using the distinct-n
metrics introduced by Li et al. (2015), which calcu-
late the ratio of unique n-grams to total n-grams.
These metrics are widely used for short generated
texts such as emails because they partially con-
trol for length while capturing repetition. We report
distinct-1 (unique unigrams, measuring word-level
diversity), distinct-2 (unique bigrams, measuring
phrasal variety), and distinct-3 (unique trigrams,
assessing longer expressions). Together, these
metrics capture lexical repetition, a known limita-
tion of neural text generation systems (Chen et al.,
2024; Padmakumar and He, 2023). Related studies
have also proposed standardized diversity bench-
marks and normalization schemes for comparing
LLM outputs (Guo et al., 2024, 2023; Shaib et al.,
2024).

As shown in Table 3, lexical diversity varies sub-
stantially across generation methods and models.
Across all evaluated language models, BARE meth-
ods yield higher distinct-n scores than other prompt-
ing strategies, with clear gains over AttrPrompt-
ing. Using Llama-8B as the base generator, BARE
achieves an average improvement of 77.5% across
distinct-n metrics (85.4% for distinct-1, 80.9% for
distinct-2, and 66.2% for distinct-3). The smaller
Llama-3B base model produces similar gains, av-
eraging 69.5%. Notably, BARE (Llama-8B) refined
with Claude attains phrasal variation comparable
to that of the Enron reference corpus.

Clear model-specific patterns also appear across
generation methods. Claude shows the highest lex-
ical diversity under the more structured approaches
(AttrPrompting and BARE), whereas GPT-4 main-
tains relatively high distinct-n scores under minimal
prompting. The comparison between structured
and minimal prompting therefore suggests model-
specific dependencies. DeepSeek exhibits a sharp
reduction in diversity, with its distinct-3 score falling
from 0.708 (BARE Llama-8B) to 0.121 (few-shot)
and 0.065 (zero-shot), corresponding to decreases
of 83% and 91%, respectively. Gemini shows sim-
ilar but less pronounced declines. These results
suggest that some models depend more strongly
on explicit structural guidance to produce diverse
text, while others retain moderate diversity across
prompting strategies.
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Method Model Words/Email Sentences/Email Words/Sentence
AttrPrompting Claude 50.58 412 12.27
DeepSeek 69.93 5.74 12.17
Gemini 49.77 4.35 11.45
GPT-4 77.33 5.31 14.57
Mistral 55.81 4.96 11.26
BARE (Llama-3B) Claude 45.66 3.58 12.76
DeepSeek 48.18 3.76 12.80
Gemini 51.39 3.84 13.37
GPT-4 49.47 3.80 13.01
Mistral 46.73 3.67 12.73
BARE (Llama-8B) Claude 43.50 3.30 13.18
DeepSeek 46.03 3.52 13.07
Gemini 48.87 3.56 13.73
GPT-4 47.37 3.60 13.16
Mistral 44.73 3.42 13.09
Few-shot Claude 60.94 3.83 15.92
DeepSeek 73.85 5.74 12.87
Gemini 61.74 4.71 13.11
GPT-4 70.46 5.50 12.81
Mistral 64.34 5.10 12.61
Zero-shot Claude 38.08 3.68 10.34
DeepSeek 86.17 7.01 12.30
Gemini 54.07 5.21 10.38
GPT-4 75.17 6.04 12.45
Mistral 61.50 5.54 11.10

Table 2: Comparison of verbosity metrics (average words per email, sentences per email, and words
per sentence). Bold values indicate the highest value within each generation method. The results show
substantial variation in output length, with zero-shot prompting producing the widest range (38.08-86.17
words per email), while BARE methods yield more similar values across models.

4.1.3. Semantic Diversity

Beyond lexical variety, we assess conceptual
breadth using semantic embeddings. We use a11-
MiniLM-L6-v2 (Reimers and Gurevych, 2019) to
generate vector representations of the first email
in each thread, which typically establishes the the-
matic scope of the conversation. Semantic diversity
is defined as one minus the average pairwise co-
sine similarity among these embeddings, where
higher values indicate broader topical dispersion.

The analysis of semantic diversity reveals clear
trends. BARE methods achieve 36—-37% higher
semantic diversity than AttrPrompting and exceed
the Enron reference value by approximately 40%
(0.308 vs. 0.220). This suggests that BARE-
generated emails cover a broader conceptual range
than business correspondence in the Enron cor-
pus. Although this wider range may reduce do-
main specificity, it may also benefit the training of
more general-purpose information extraction mod-
els. A comparison of human and synthetic unigram
diversity shows that even the best configuration—
BARE Llama-8B refined with Claude—reaches only
85.6% of the Enron unigram diversity score (0.083
vs. 0.097). This limitation appears inherent to cur-

rent language models, which recombine common
words into varied phrases but still draw on a nar-
rower vocabulary than human writers.

The following sections examine the emotional
tone of the generated emails, complementing the
lexical and semantic analysis presented above.

4.1.4. Sentiment Analysis

To examine emotional tone and its variation across
generation methods, we use an ensemble ap-
proach that combines Flair (Akbik et al., 2019) and
RoBERTa-large (Hartmann et al., 2023) with equal
weights. This dual-model strategy reduces model-
specific biases and provides robust sentiment clas-
sification into negative, neutral, and positive cat-
egories. For consistency, sentiment is analyzed
at the thread level by concatenating all messages,
thereby capturing the overall conversational tone
rather than message-level sentiment in isolation.

Sentiment and Positivity Bias The sentiment
results reveal a key limitation of synthetic maritime
emails relative to the Enron reference corpus: a per-
vasive positivity bias. Across all generation meth-
ods and model configurations, positive sentiment
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Method Model Distinct-1 Distinct-2 Distinct-3 Semantic Div.
Human Enron 0.097 0.526 0.778 0.220
AttrPrompting Claude 0.059 0.371 0.624 0.243
DeepSeek 0.033 0.200 0.385 0.200
Gemini 0.041 0.240 0.392 0.238
GPT-4 0.039 0.268 0.524 0.204
Mistral 0.033 0.186 0.355 0.236
BARE (Llama-3B) Claude 0.075 0.454 0.760 0.307
DeepSeek 0.066 0.397 0.690 0.309
Gemini 0.064 0.408 0.700 0.301
GPT-4 0.073 0.430 0.735 0.303
Mistral 0.064 0.393 0.692 0.306
BARE (Llama-8B) Claude 0.083 0.485 0.783 0.308
DeepSeek 0.070 0.414 0.708 0.304
Gemini 0.070 0.423 0.703 0.295
GPT-4 0.077 0.450 0.749 0.302
Mistral 0.068 0.414 0.708 0.308
Few-shot Claude 0.019 0.133 0.286 0.203
DeepSeek 0.008 0.053 0.121 0.161
Gemini 0.017 0.099 0.192 0.233
GPT-4 0.026 0.177 0.386 0.210
Mistral 0.015 0.093 0.202 0.220
Zero-shot Claude 0.017 0.117 0.234 0.201
DeepSeek 0.005 0.030 0.065 0.022
Gemini 0.011 0.073 0.143 0.127
GPT-4 0.015 0.123 0.285 0.138
Mistral 0.008 0.058 0.137 0.111

Table 3: Textual diversity metrics benchmarked against the Enron corpus. Distinct-n metrics measure
lexical diversity as the ratio of unique n-grams to total n-grams, where higher values indicate greater
vocabulary variation. Semantic diversity captures conceptual variety using sentence embeddings. BARE
methods use either Llama-3B or Llama-8B as base models for initial generation, followed by refinement.
Bold values indicate the highest score within each generation method. The Enron corpus serves as
a human-written reference point for general business email. Results show that BARE approaches
consistently achieve higher diversity scores than conventional prompting methods, with BARE (Llama-8B)
approaching the Enron reference in multi-word expression diversity.

dominates the corpus, accounting for 50-80% of
generated content, while negative sentiment rarely
exceeds 10%. This distribution contrasts with the
Enron corpus, which shows a more balanced sen-
timent profile with 44.6% positive, 27.1% neutral,
and notably, 28.3% negative sentiment.

The extent of this positivity bias varies across
models and becomes stronger during BARE re-
finement. Claude produces the most balanced
sentiment distribution across generation methods.
In contrast, GPT-4 shows a pronounced positivity
bias and rarely generates negative sentiment. Dur-
ing refinement, this bias intensifies; despite explicit
instructions to preserve tone, refinement models
often convert negative messages into neutral or
positive ones. As shown in Figure 2, GPT-4 as
a refiner shifts 69% of initially negative emails to
either neutral or positive sentiment, increasing the
overall share of positive emails from 58% to 76%.
Notably, the refinement step does not merely neu-

tralize negative sentiment but appears to introduce
a more positive tone. Across all models, the in-
crease in positive sentiment consistently exceeds
the corresponding decrease in negative sentiment,
suggesting that refinement models do more than
simply filter out negativity.

To illustrate this transformation, consider the fol-
lowing excerpts from a pricing negotiation gener-
ated by Llama-8B and refined by GPT-4. In the
base generation, the exchange escalates in tone:
the counterparty responds to an initial offer with
“Are you asking me if | want to do the job or not?
| will lift the diesel at US$75 per metric ton” and
later reacts to a lower price with “Are you insane?
| will lose money if | lift at US$60 per metric ton.”
After refinement, these become “Are you asking
me to confirm the job? | would propose lifting the
diesel at US$75 per metric ton instead” and “Lifting
at US$60 per metric ton would not be financially
viable for us. We might need to explore alterna-
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Base Emails

Positive
576 (58%)

Neutral
267 (27%)

Negative
154 (15%)

506

(51%)

175

(7%)
(8%)

8
(8%)

Refined Emails

Positive
758 (76%)

Neutral
192 (19%)
Negative
47 (5%)

Figure 2: Sentiment transitions during GPT-4’s refinement process in the BARE pipeline. The left column
shows the sentiment distribution of the base-generated emails (Llama-8B), and the right column shows
the distribution after refinement. Flow widths are proportional to the number of emails undergoing each
sentiment transition and indicate that 69% of initially negative emails shift to either neutral or positive

sentiment.

tive arrangements if the price cannot be adjusted
higher.” The confrontational tone, typical of real
freight negotiations, is systematically replaced by
diplomatic hedging and more collaborative framing.

Negative sentiment is underrepresented in our
synthetic emails relative to the Enron reference
corpus and likely also relative to many real negoti-
ation settings, where frustrations over pricing, dis-
agreements about contractual terms, and assertive
language are common. This systematic positivity
likely stems from the safety training and instruction-
tuning procedures of modern LLMs, which empha-
size helpful, harmless, and honest outputs (Askell
et al., 2021; Bai et al., 2022). These tendencies
have also been linked to both instruction-tuning ob-
jectives and recursive model-training effects that
can amplify stylistic bias (Li et al., 2025; Shumailov
etal., 2024). While these objectives are appropriate
for general applications, they may limit the models’
ability to generate typical business communication
that includes a more direct or confrontational tone.
As a result, the dataset tends to reflect a more
collaborative negotiation style, which could lead
models trained on it to underrepresent urgency or
disagreement in real exchanges.

5. Extrinsic Evaluation: Information
Extraction Baselines

To demonstrate the dataset’s dual role as both a
training resource and an evaluation benchmark, we
establish baselines for entity extraction using two

complementary approaches targeting four entity
types: vessel names, ports or locations, commodi-
ties, and Incoterms. As described in Section 3,
these annotations were produced by the gener-
ating models during synthesis (or by the refining
model in the BARE setting); they therefore serve
as machine-generated reference labels for the ex-
periments below.

First, we apply GLINER (Zaratiana et al., 2023), a
span-based architecture that jointly encodes input
text and entity type labels to identify entity bound-
aries. We test several encoder pretraining strate-
gies, including entity-contrastive learning, SImCSE
(Gao et al., 2021), and masked language model-
ing, combined with different domain adaptation ap-
proaches. The best configuration uses memory-
bank contrastive fine-tuning, which maintains sep-
arate memory banks for vessels and locations to
improve disambiguation between overlapping en-
tity types (e.g., distinguishing the vessel MV Singa-
pore from the port Singapore). We also fine-tune
Qwen-2.5-0.5B-Instruct (Yang et al., 2024) using
parameter-efficient fine-tuning (LoRA), formulating
entity extraction as a JSON generation task. This
compact generative approach performs competi-
tively and supports flexible output formats beyond
the predefined entity types.

Performance Results Overview Figure 3 shows
macro F1 scores across data generation methods
and fine-tuning configurations. The results reveal
consistent patterns. GLINER consistently achieves
higher and more stable performance across all
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Figure 3: Overall F1 score comparison between GLINER and Qwen across different experimental con-
ditions. The x-axis shows the fine-tuning settings: Zero Shot (no fine-tuning), Fine-tuned (general
maritime corpus), Memory Bank (GLINER-specific contrastive fine-tuning), and Email (fine-tuning on
the target email distribution). Each dot represents performance on a dataset generated with a specific
data generation configuration, with colors indicating the generation method. GLINER consistently shows
higher and more stable performance, with the Memory Bank approach achieving the highest overall
score (0.862). Qwen’s performance is more variable and depends more strongly on the match between

fine-tuning data and evaluation data.

settings, with the memory-bank contrastive vari-
ant reaching the best overall F1 score (0.862).
Qwen shows greater variability and depends more
strongly on the match between fine-tuning data and
evaluation data. Extraction difficulty appears to in-
crease with generation diversity: BARE-generated
emails, which show the greatest linguistic variety,
are also the most challenging for entity extraction,
especially for the generative Qwen model. This
pattern suggests a trade-off in which more diverse
training data increases extraction difficulty while po-
tentially improving robustness to linguistically vari-
able and domain-plausible text.

Entity-level results reveal substantial variation in
extraction difficulty across entity types. Incoterms
are the hardest to identify, with F1 scores 20-30
points lower than those for other entity types. These
short three-letter trade terms (e.g., CIF, FOB) fre-
quently resemble other maritime abbreviations, and
only models exposed to comprehensive maritime
terminology during fine-tuning can reliably distin-
guish them. The two architectures display com-
plementary strengths: GLINER offers greater con-
sistency and efficiency (1,000 emails / minute),
whereas Qwen provides more flexible extraction
formats but slower inference (60 emails / minute)
and higher variance. The memory-bank contrastive
variant again performs best (0.862 F1), suggest-

ing that explicit contrastive learning helps address
entity disambiguation in the maritime domain. Fine-
tuned models exceed 0.85 F1 on more structured
generation settings, while the 20-point absolute per-
formance gap between zero-shot and fine-tuned
runs highlights the value of domain-specific training
data.

6. Limitations and Future Work

6.1. Limitations

This study has several limitations that should be
considered when interpreting the results. First,
hardware limitations prevented the use of larger
base models for BARE generation. While Llama-8B
produced diverse outputs, larger models may gen-
erate more domain-plausible maritime correspon-
dence and could affect downstream extraction diffi-
culty. Second, the Enron corpus, our only human-
written baseline, has known limitations due to its
age, its general business focus, and its widespread
use in model pretraining.

Additionally, resource constraints prevented ex-
haustive hyperparameter optimization for all model
configurations. The relative performance differ-
ences between extraction methods might shift un-
der different settings, and some models may not
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have reached their best performance. Finally, the
entity labels were produced by the generating mod-
els themselves (or, in the BARE setting, by the
refining model) rather than by human annotators.
Extraction performance therefore reflects agree-
ment with machine-generated annotations, which
may contain inconsistencies—particularly for BARE
outputs, where the refining model must infer enti-
ties from loosely structured base text. This design
choice, driven by the scale of the corpus, means
that the reported F1 scores may overestimate per-
formance relative to what manual evaluation would
yield.

6.2. Future Work

Future research can address several of these limi-
tations. First, scaling experiments with larger base
models (70B parameters or more) may improve
the domain plausibility and terminological accuracy
of generated emails. Such models could better
capture the specialized terminology and negotia-
tion style typical of maritime communication, po-
tentially narrowing the gap between synthetic and
human-written correspondence observed in our
diversity analyses. In addition, recent methods
such as hindsight merging (Veselovsky et al., 2025)
show promise for improving the balance between
diversity and coherence in synthetic text generation.
Complementary approaches such as generalized
instruction tuning (Li et al., 2024, 2023) could fur-
ther expand controllable diversity while retaining
factual consistency.

Second, domain-specific pretraining of base
models on maritime corpora is a promising ap-
proach for improving terminological accuracy and
domain plausibility. Curated pretraining data from
maritime news, shipping bulletins, and industry pub-
lications could help models internalize domain con-
ventions more effectively. Addressing the system-
atic positivity bias observed in our sentiment analy-
sis will also require targeted strategies. Future work

however, consider privacy carefully when process-
ing potentially sensitive business communication.

7. Conclusion

This paper introduced MARITIMEMAILS, a synthetic
corpus of 19,817 email threads designed to ad-
dress the lack of publicly available datasets for
maritime business correspondence. Using multi-
ple generation strategies across five contemporary
language models, the dataset provides a diverse
resource for developing domain-specific NLP ap-
plications in the maritime sector. Our evaluation
shows that BARE approaches yield substantially
higher lexical diversity than standard prompting,
with the best configuration (Llama-8B with Claude
refinement) approaching the Enron reference cor-
pus in phrasal diversity while producing coherent
outputs.

At the same time, the analysis reveals a sys-
tematic positivity bias in current language mod-
els: synthetic emails rarely express the level of
negative sentiment observed in the Enron refer-
ence corpus and likely also underrepresent dis-
agreement in many real negotiation settings. This
finding reflects a broader tension between model
safety objectives and the goal of generating domain-
plausible business communication. Nevertheless,
baseline experiments show that models trained on
MaRrITIMEMAILS achieve F1 scores above 0.85 for
entity extraction, indicating the dataset’s usefulness
for text mining tasks. The trade-off between gen-
eration diversity and extraction difficulty suggests
that BARE-generated emails, while harder to pro-
cess, may better prepare models for linguistically
variable and domain-plausible text.

The dataset, including structured entity an-
notations for vessels, ports, commodities, and
Incoterms, is publicly available at https://
github.com/ZurichNLP/MaritimEmails un-
der CC BY-NC 4.0.

could exp|ore Specia“zed prompting’ reward model- Ethical and Practical Considerations All data in

ing, or post-hoc filtering to produce more plausible
sentiment distributions and more direct negotiation
language without compromising safety objectives.

Finally, expanding the evaluation beyond entity
extraction would provide a broader assessment of
the dataset’s utility. Potential downstream tasks
include email-thread classification, negotiation-
outcome prediction, sentiment-aware response
generation, and automated contract-term extrac-
tion. Additionally, although our evaluation focused
on locally hosted models for reproducibility and
cost efficiency, benchmarking against state-of-the-
art commercial APls could help establish an ap-
proximate upper bound for maritime information
extraction performance. Such evaluations must,

MaRrITIMEmAILS are fully synthetic and contain no
personal or real business information. Nonetheless,
the generated texts may reproduce stylistic or sen-
timent biases present in the underlying language
models. Each record includes a "synthetic":
true flag to prevent misattribution, and the CC
BY-NC 4.0 license restricts commercial reuse. Re-
searchers are encouraged to disclose the synthetic
provenance of the data when using it in downstream
studies.
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