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Abstract

Immediate Textual Variation (ITV) is defined
as the process of introducing changes during
text transmission from one node to another.
One-step variation can be useful for testing
specific philological hypotheses. In this pa-
per, we propose using Large Language Models
(LLMs) as text-modifying agents. We analyze
three scenarios: (1) simple variations (omis-
sions), (2) paraphrasing, and (3) paraphras-
ing with bias injection (polarity). We gener-
ate simulated news items using a predefined
scheme. We hypothesize that central tendency
measures—such as the mean and median vec-
tors in the feature space of sentence transform-
ers—can effectively approximate the original
text representation. Our findings indicate that
the median vector is a more accurate estima-
tor of the original vector than most alternatives.
However, in cases involving substantial rephras-
ing, the agent that produces the least semantic
drift provides the best estimation, aligning with
the principles of Bédierian textual criticism.

1 Introduction

According to Textual Criticism and Communica-
tion Theory, texts tend to be modified when they
are transmitted from one sender to a receiver (Ble-
cua, 1983; Pajares and Herndndez, 2010). While
most variations—random changes, omissions, and
additions—have been extensively studied in Com-
putational Textual Criticism, other changes, such
as rephrasing or bias injection, are more difficult
to address and introduce greater alterations than
unintentional modifications.

For example, oral traditions are generally more
challenging to reconstruct than written ones, and
to our knowledge, none of the existing computa-
tional methods ((Fitch, 1971), RHM (Roos et al.,
2006), Hoenen'’s algorithms (Hoenen, 2015, 2018),
UR (Koppel et al., 2016)) effectively handle oral
transmission. What happens if texts are modified
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through rephrasing rather than by textual errors?
Moreover, what happens if the text is altered not
only by paraphrasing but also by the injection of
sociocultural bias?

While computational reconstruction techniques
struggle in complex or non-textual scenarios, basic
inferences may be possible under the simplified
case of Immediate Textual Variation (ITV), i.e.,
when one text is directly transmitted to a receiver.
This scenario is simpler because it bypasses the
need to reconstruct the stemma, a common step in
text reconstruction.

A preliminary hypothesis for ITV states that the
hyparchetype’s embedding lies near the mean or
median of its transmitted variants. Does this hy-
pothesis accurately capture the ITV process? If
so, the hyparchetype in vector space could be es-
timated directly from the observed copies using
these statistical metrics.

In this paper, we experimentally evaluate
whether basic statistics—specifically the mean and
median of the corresponding text vectors—can ap-
proximate the ITV hyparchetype. To do so, we
simulate one-step text transmissions with a known
ground truth in a controlled environment. We pro-
pose using Large Language Models (LLMs) as
agent-writers to generate the variant texts. Al-
though human and machine text production differ,
this setup serves as a preliminary step toward more
realistic transmission simulations.

The paper is organized as follows: Section 2
reviews related work. Section 3 describes our
methodology. Section 4 presents the results, and
Section 5 discusses the key findings. A summary
appears in Section 6.

2 Related Work

As noted in the introduction, computational ap-
proximations for complex text transformations re-

Proceedings of the First Workshop NLP and Language Models for Digital Humanities associated with RANLP 2025,
pages 25-31, Varna, Bulgaria, Sep 11, 2025.

https://doi.org/10.26615/978-954-452-106-6-002



main scarce. Nevertheless, existing studies in-
clude: (1) computational simulations of social be-
havior; (2) computational simulations of text trans-
mission; and (3) simulations of text transmission
using Large Language Models (LLMs), a subtopic
of (2). This work is part of the broader effort to use
computational simulations with LLMs to model
social phenomena. Some of these approaches have
been applied to textual data, but there is a lack of
recent literature on more complex forms of textual
transmission, such as paraphrasing or bias injec-
tion.

2.1 Computational simulations of social
behavior

Agent-based simulation is one of the core concepts
in computational social science (Hox, 2017). Re-
cent advances in the development of LLMs have in-
fluenced agent-based simulations in computational
social science studies (Thapa et al., 2025), a field
also known as “automated social science” (Man-
ning et al., 2024). For instance, (Gao et al., 2023)
studied the propagation of information in the form
of opinions and emotions.

Although LLMs have been adopted with enthusi-
asm (see, for example, (Ferraro et al., 2024; Zhang
et al., 2025)), some findings highlight their limita-
tions. One major constraint is that LLMs may not
function as individual agents but rather as a “su-
perposition of perspectives,” effectively acting as a
community (Kovac et al., 2023; He et al., 2024).

Despite these limitations and the lack of evalua-
tions with real-world data (Larooij and Tornberg,
2025), LLMs have been used to test several hy-
potheses in social sciences, generating potentially
weak but insightful observations about human be-
havior (Ma et al., 2024). Additionally, these exper-
iments shed light on the nature of LLMs and have
been employed to detect bias (Qi et al., 2025).

2.2 Computational simulations of text
transmission

In the field of Computational Textual Criticism,
algorithm testing has been carried out on experi-
mentally created datasets, using either human sub-
jects or computational methods. In the latter case,
some authors implement random changes and word
substitutions in a given text (Koppel et al., 2016;
Gelein, 2021).
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2.2.1 Simulations of text transmission using
Large Language Models

Simulations of text transmission using large lan-
guage models constitute a specialized branch
within computational studies of textual diffusion.
Despite the expansion of NLP research, few works
address this specific application. Marmerola ef al.
(Marmerola et al., 2016) employ traditional NLP
techniques—such as part-of-speech tagging—to
generate text variations. More recently, Zammit
(Zammit, 2024) adopted a similar experimental
framework and leveraged the TS5 transformer to
introduce paraphrasing as a form of text alteration.

3 Methodology

3.1 Main experiments

In this paper, we explore the following scenarios
of textual drift:

1. Omissions: These are closely related to the
textual variation phenomena traditionally stud-
ied in Textual Criticism.

Paraphrasing: The phenomenon of paraphras-
ing has been scarcely examined in Textual
Criticism, as it generates alterations that are
difficult to trace.

3. Bias injection: A more complex form of tex-
tual drift linked to bias injection, where differ-
ing cultural backgrounds introduce significant
changes during text transmission.

The principal question we address is the follow-
ing: Given different scenarios of textual drift,
can we approximate the original text represen-
tation?

In this study, we focus solely on immediate varia-
tions, without modeling full transmission processes
such as hierarchical clustering. In other words, if
we have access to multiple immediate variants of
a single text, can we reconstruct its original repre-
sentation?

To answer this question, we propose an experi-
mental approach based on computational simula-
tions. Alternatively, similar experiments could be
conducted with human subjects. In both cases, ex-
trapolation to uncontrolled environments remains
implausible. However, these simulations may offer
insights into textual drift in sociocultural contexts,
where establishing a ground truth for comparison
is challenging. For instance, one might use par-
allel corpora reflecting different perspectives on



the same phenomenon, but it is unrealistic to rely
on them to recover a hypothetical original text. In
all scenarios, we generate a source text and apply
various perturbation schemes to experimentally as-
sess the feasibility of approximating its original
representation.

In all experiments, we implement different
LLMs my, ..., m; which act like agents. A differ-
ent LLM my act like a text generator. All the gener-
ated texts with mg were used as ground truth for ex-
periments. In the first empirical setup (omissions),
we performed the variations (6) by randomly delet-
ing one sentence. For paraphrases and bias injec-
tion, we apply six different LLMs to produce the
necessary changes.

Finally, we embedded all texts into a vector
space using the Jina-v3 sentence transformer mr
(Sturua et al., 2024), which differs from the models
used earlier. For visualization, we applied Uniform
Manifold Approximation and Projection (UMAP)
(Healy and MclInnes, 2024) to reduce the embed-
dings to two dimensions. We then computed cosine
similarities between each text representation and
the central tendency vectors (mean and median) in
the original latent space.

3.2 Data generation

Data generation was performed primarily with
Claude 3.5 Haiku (as of 2025-07-18) (Anthropic,
2025). We generated 100 distinct texts that follow
the structure of abstract news items by using the
following rule:

H — W7 Wy W3 Wy W5 W6 W7 (1)

where H is the headline, 17 is the actor, W5 is
the action, W3 is the object, W is the method, W5
is the reason, W is the location, and W7 is the time.
Each element W, has ten predefined possibilities to
enhance diversity. To avoid generation failures and
ethical or legal issues, we employed abstract enti-
ties. For instance, actors include “the provisional
council” or “a legislative junta.” Headlines were
sampled from a uniform distribution. For example,

(1) A bipartisan committee repealed
economic sanctions via back-channel ne-
gotiations to strengthen alliances within
the federal archives amid rising tensions.

While the headline was randomly generated, the
body of the news item was produced using Claude
3.5 Haiku with a Chain-of-Thought setup. For the
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Model  Similarity
Mean 0.9977
Median 0.9988

Table 1: Average similarities from mean and median
values to the original vector.

prompts used in this article, please refer to the Code
and Prompt Availability statement.

3.3 Variation induction

For paraphrases and bias injection, we used the
following models:

1. Gemma3 (Team et al., 2025).

2. Llama 3 (Grattafiori et al., 2024).

Gemini 2.5 Flash (Comanici et al., 2025).
DeepSeek V3 0324 (Liu et al., 2024).
. GPT-40 mini (Hurst et al., 2024).

6. Phi-4 mini instruct (Abouelenin et al., 2025).

We used 20 different prompts for paraphrases
using a zero-shot setup to promote diversity.

In the case of bias injection, we considered only
one abstract scenario: polarity. In the prompt, we
ask the models to rephrase the text from either a
negative or positive point of view. Three models
(Gemma3, Llama3, and Gemini) were used to gen-
erate negative perspectives, while the remaining
models generated positive rewritings.

4 Results

4.1 Omissions

Table 1 presents the average cosine similarities be-
tween the original text’s latent representation and
both the mean and median vectors. The median vec-
tor achieves a slightly higher similarity, and this dif-
ference is statistically significant (Mann—Whitney
U test, p < 0.05).

Figure 1 visualizes 90 variations of the same
text. Because it comprises only six sentences, only
six unique variations (including the original non-
variation) are displayed'. Unexpectedly, even in
this constrained setting, the original representation
does not lie exactly at the center of the resulting
distribution.

IThe visualization also includes the unaltered text.



Figure 1: Visualization of variants of text (id: 0) using
omissions.

4.2 Paraphrasing

Preliminary results with paraphrases (see figure 2)
show that in some cases the original text might not
be centered, and in the text drift might not diffuse
in all directions as a classical physical system. Both
the mean and median vectors are not the best esti-
mators to the original text vector. In this particular
case, the agent with less drift (Phi-4) was a best
estimator.

Figure 2: Visualization of 90 variants of text (15 each
model) using paraphrases and UMAP. In this particular
case, the original text was generated with Qwen3-8B
(Yang et al., 2025).

The quantitative analysis in the original latent
space (see Table 2) indicates that, across all tested
texts, both the mean and median vectors closely ap-
proximate the original representation. We observed
significant differences between the mean/median
vectors and every other model’s outputs except
those from Llama3 (Mann—Whitney U test, p <
0.05), while the mean and median themselves
did not differ significantly (Mann—Whitney U test,
p = 0.6156).

After reducing dimensionality to three via
UMAP (cosine metric), texts generated by Llama3
exhibited even higher cosine similarities to the
mean and median vectors (0.999935 and 0.999934,
respectively) compared to 0.999721 in the origi-
nal latent space. Figures 3 and 4 visualize specific

28

Model Similarity
Mean 0.9601
Median 0.9609
Gemma3 0.9290
Llama3 0.9540
Gemini 0.8454
DeepSeek 0.8467
GPT-40-mini 0.8987
Phi-4-mini 0.8946

Table 2: Average cosine similarities from mean and
median values to the original vector using paraphrases.

cases with two dimensions.

Figure 3: Visualization of variants of text (id: 3) using
paraphrases.

* X

Figure 4: Visualization of variants of text (id: 16) using
paraphrases.

* *

uuuuu

4.3 Bias injection

In the bias induction experiments, the Phi-4 Mini
model exhibited the least drift (see Table 3) and
the highest average similarity compared to the
centrality metrics, although its difference from
the median vector was not statistically significant
(Mann—Whitney U test, p < 0.05). We also ob-
served significant differences between the mean
and median vectors and all other groups, as well as
between the mean and median themselves—except
in the mean vs. GPT-40 Mini and median vs.
Phi-4 Mini comparisons (Mann—Whitney U test,



Model Similarity
Mean 0.9763
Median 0.9801
Gemma3 0.9291
Llama3 0.9447
Gemini 0.8699
DeepSeek 0.9382
GPT-40-mini 0.9627
Phi-4-mini 0.9807

Table 3: Average cosine similarities from mean and
median values to the original vector using bias injection.

p < 0.05). Figures 5 and 6 illustrate selected ex-
amples.

Figure 5: Visualization of variants of text (id: 22) using
bias injection.

H * *

Gemma3
© Uama3

Figure 6: Visualization of variants of text (id: 44) using
bias injection.

umap2

5 Discussion

This work constitutes a preliminary empirical ap-
proach to studying the process whereby a given
text undergoes complex changes, in order to verify
whether it is possible to retrieve information about
the original from its immediate copies.

The main results discussed in section 4 provide a
clear picture of the TIV simulation. In all cases, the
median vector was a better estimator of the original
vector than the mean. Both metrics outperformed
most individual models. However, in some scenar-
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ios, we identified one model whose output drifted
less and whose vector lay closer to the original than
the median vector.

These findings offer two complementary insights.
On one hand, the mean and median vectors can sur-
pass most models in approximating the original
text: by observing all surviving copies, we can re-
construct an approximation of the source, even in
the presence of bias. On the other hand, it appears
that one agent may introduce minimal variation,
effectively serving as the best estimator of the orig-
inal text. Identifying this agent may therefore be
the optimal strategy for complex transmissions, in
line with the Bédérian “best text” approach (Koppel
et al., 2016).

The main results discussed in section 4 provide a
clear picture of the TIV simulation. In all cases, the
median vector was a better estimator of the original
vector than the mean. Both metrics outperformed
most individual models. However, in the paraphras-
ing and bias injection scenarios, we identified one
model whose output drifted less and whose vector
lay closer to the original than the median vector.

These findings offer two complementary insights.
On one hand, the mean and median vectors can sur-
pass most models in approximating the original
text: by observing all surviving copies, we can re-
construct an approximation of the source, even in
the presence of bias. On the other hand, it appears
that one agent may introduce minimal variation,
effectively serving as the best estimator of the orig-
inal text. Identifying this agent may therefore be
the optimal strategy for complex transmissions, in
line with the Bédérian “best text” approach (Koppel
et al., 2016).

6 Conclusions

This paper presents a one-step study of textual vari-
ation (ITV) across three scenarios: random textual
changes (omissions), smooth semantic alterations
(paraphrases), and bias injection (rephrasing with
polarity). These scenarios correspond to three lev-
els of textual alteration.

Studying complex changes in ITV is crucial for
developing automatic methods for text reconstruc-
tion in contexts that go beyond purely random mod-
ifications while preserving text structure. These
findings may apply to situations where textual vari-
ation is mediated by bias or rephrasing.

Our results show that basic central tendency
statistics—particularly the median vector—are ef-



fective estimators of the original text vector. How-
ever, when paraphrasing occurs, certain agents in-
troduce minimal drift and may serve as better esti-
mators. This observation aligns with the classical
philological proposals of Joseph Bédier.

6.1 Limitations

Using LLMs to simulate textual variation oversim-
plifies real-world scenarios. As discussed, LLMs
do not act as individual agents but rather aggregate
collective perspectives. Nevertheless, the growing
role of artificial agents as (re)-writers clearly in-
dicates that this study can be directly applied to
understanding one aspect of material reality.
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