
LLsM: Generative Linguistic Steganography with Large Language Model

Yihao Wang†,*, Ruiqi Song†,*, Ru Zhang†,B, Jianyi Liu†, Lingxiao Li†,‡

† School of Cyberspace Security, Beijing University of Posts and Telecommunications, China.
‡ State Key Laboratory of Networking and Switching Technology,

Beijing University of Posts and Telecommunications, China.
* These authors are co-first authors.

B Corresponding author: zhangru@bupt.edu.cn.
{yh-wang, songrq123, liujy, Lingxiao-Li} @bupt.edu.cn

Abstract

Linguistic Steganography (LS) tasks aim to
generate steganographic text (stego) based on
secret information. Only authorized recipients
can perceive the existence of secrets in the texts
and extract them, thereby preserving privacy.
However, the controllability of the stego gener-
ated by existing schemes is poor, and the stego
is difficult to contain specific discourse char-
acteristics such as style. As a result, the stego
is easily detectable, compromising covert com-
munication. To address these problems, this
paper proposes LLsM, the first LS with the
Large Language Model (LLM). We fine-tuned
the LLaMA2 with a large-scale constructed
dataset encompassing rich discourse character-
istics, which enables the fine-tuned LLM to
generate texts with specific discourse in a con-
trollable manner. Then the discourse is used as
guiding information and inputted into the fine-
tuned LLM in the form of the Prompt together
with secret. On this basis, the constructed can-
didate pool will be range encoded and use se-
cret to determine the interval. The same prefix
of this interval’s beginning and ending is the
secret embedded at this moment. Experiments
show that LLsM performs superior to preva-
lent LS-task and related-task baselines regard-
ing text quality, statistical analysis, discourse
matching, and anti-steganalysis. In particular,
LLsM’s MAUVE matric surpasses some base-
lines by 70%-80%, and its anti-steganalysis
performance is 30%-40% higher. Notably, we
also present examples of longer stegos gener-
ated by LLsM, showing its potential superiority
in long LS tasks.

1 Introduction

Steganography, a technology for concealing in-
formation (Shannon, 1949), embeds secret infor-
mation within digital media such as texts (Yang
et al., 2021)(Yang et al., 2023) and images (Peng
et al., 2023)(Luo et al., 2023), obtaining stegano-
graphic media that is sensory indistinguishable

from normal media. Steganographic media is
transmitted over public channels, and only autho-
rized recipients can perceive whether the media
is steganographic and accurately extracts the se-
cret information. Benefiting from the ability of
text to be transmitted losslessly over public chan-
nels, research on Linguistic Steganography (LS)
has explosive growth in recent years (Yang et al.,
2021)(Yang et al., 2023)(Huo and Xiao, 2016)(Kim
et al., 2010)(Fang et al., 2017)(Yang et al.,
2019a)(Zhang et al., 2021)(Zhou et al., 2021)(Lu
et al., 2023)(Wang et al., 2023b)(Li et al., 2021).
According to the work focuses and embedding
ways, LS schemes can be divided into "modified"
(Huo and Xiao, 2016)(Kim et al., 2010) and "gen-
erative" (Yang et al., 2021)(Yang et al., 2023)(Fang
et al., 2017)(Yang et al., 2019a)(Zhang et al.,
2021)(Zhou et al., 2021)(Lu et al., 2023)(Wang
et al., 2023b)(Li et al., 2021). The focus of the
former is to design specific strategies such as syn-
onym replacement (Huo and Xiao, 2016) and syn-
tactic changes (Kim et al., 2010), aiming to em-
bed secret information by modifying the normal
carrier (cover). However, the steganographic text
(stego) modified by these schemes has poor con-
cealment and is easy to detect by linguistic steganal-
ysis (Yang et al., 2019b)(Yang et al., 2022)(Wang
et al., 2023a)(Wang et al., 2023d). In contrast, the
latter first employs a language model trained on a
corpus to generate high-quality texts. During text
generation, a specific encoding way is employed
to alter token selection according to the secret in-
formation, thereby automatically generating stegos
(Fang et al., 2017)(Yang et al., 2019a)(Zhang et al.,
2021)(Zhou et al., 2021)(Lu et al., 2023)(Wang
et al., 2023b)(Li et al., 2021). These schemes can
generate highly concealed stegos that are difficult
to perceive and detect.

The concealment of stego determines the suc-
cess of covert communication to a certain extent.
Depending on the constraints, this concealment is
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primarily manifested in three aspects: "perceptual",
"statistical" and "semantic". "Perceptual conceal-
ment" focuses on ensuring that the scheme gener-
ates stego with complete and natural sentences. In
pursuit of this objective, Fang et al. (Fang et al.,
2017) and Yang et al. (Yang et al., 2019a) em-
ployed various recurrent neural network architec-
tures to train language models for generating high-
quality stegos. The stegos achieved SOTA per-
formance in terms of sentence completeness and
naturalness during that period.

"Statistical concealment" requires the statisti-
cal distribution of stego to be closely that of the
cover. To achieve this goal, Yang et al. (Yang
et al., 2021) designed a VAE-Stega scheme with an
encoder-decoder architecture. This encoder learns
the statistical characteristics of the cover and the
decoder generates stego matching these character-
istics. These stegos have robust statistical conceal-
ment. To further imitate the distribution of cover,
Zhang et al. (Zhang et al., 2021) used adaptive
dynamic grouping to recursively embed secret in-
formation, mathematically proving its robust statis-
tical concealment. Zhou et al. (Zhou et al., 2021)
and Lu et al. (Lu et al., 2023) respectively proposed
a scheme with generative adversarial networks and
a scheme that minimizes perceptual statistical com-
bination distortion. These schemes ensure percep-
tual and statistical concealment.

"Semantic concealment " aims at generating
stego with coherent and specific semantic expres-
sions. To this end, Yang et al. (Yang et al., 2023)
utilized semantic information in the encoding and
embedding process during translation, maintaining
the semantic consistency between cover and stego.
Wang et al. (Wang et al., 2023b) improved stego
semantic relevance by the relevance of social net-
work context. Li et al. (Li et al., 2021) leveraged
knowledge graphs to encode entities and relation-
ships, and this scheme can generate semantically
coherent and relevant stegos.

However, these LS schemes still face two pri-
mary challenges. On the one hand, if the training
data for the language model encompasses distinct
types of cover, the content of the generated ste-
gos will be less controllable. On the other hand,
these schemes do not consider discourse such as
style, genre, and theme, which impacts the effec-
tiveness of concealment at perceptual, statistical,
and semantic levels. This results in the generated
stegos that lack coherence with certain discourse

characteristics. Eve may perceive the existence of
the stegos even without steganalysis techniques,
causing covert communication to fail. To over-
come these challenges, this paper proposes the
LLsM, i.e. Large language model-based Linguistic
steganography scheMe. This scheme fine-tunes
the open-source Large Language Model (LLM)
LLaMA2 with constructed data that contains rich
discourse. The Prompt of the LLM is then directed
to generate text consistent with specific discourse
characteristics. Based on the secret bitstreams and
the range coding of candidate pool, the selection of
the subsequent tokens is determined. Repeatedly,
LLsM successfully generates stegos that not only
exhibit specific discourse characteristics but also
effectively conceal secret information.

The main contributions of our work are summa-
rized in the following four points:

• To our knowledge, LLsM is the first work in
the LS tasks to use LLM. We use the excel-
lent capable LLaMA2 as the pre-trained lan-
guage model, and fine-tune LLaMA2 using
the constructed dataset with dozens of dis-
course characteristics, providing a basis for
the high-quality stego generation.

• To enhance the semantic concealment of ste-
gos, we analyze the discourse characteristics
of the cover such as styles, genres, and themes.
These characteristics serve as integral inputs
to our steganographic generator, improving
the controllability of stego generation.

• To augment the perceptual and statistical con-
cealment of stegos, we use range coding to
encode the candidate pool. The interval is
determined based on the secret information,
and the same prefix matching the beginning
and the ending of this interval is the secret
embedded at this moment. While guarantee-
ing strong discourse matching, LLsM better
imitates the distribution of cover and ensures
the stegos’ secure transmission.

• Extensive experiments demonstrate that the
LLsM has achieved superior performance in
terms of the quality of stego generation, sta-
tistical analysis between cover and stego, dis-
course matching, and anti-steganalysis of ste-
gos. In addition, LLsM can generate long ste-
gos with low perplexity and strong readability,
showing its potential advantages in this task.



2 LLsM Methodology

2.1 Modeling

In the "Prisoner Model", in order not to arouse
Eve’s suspicion and ensure the covert transmission
of information, Alice and Bob should enhance the
covertness of the stego as much as possible, that is,
the distribution PC of the cover C and the distribu-
tion PS of stego S should be as close as possible.
It can be expressed as:

d(PC , PS) ≤ ε, (1)

where, d(·) represents the difference measurement
method, ε is a small value greater than 0, and it
measures the concealment of the scheme. Eve’s
job is to determine whether the transmitted text
contains secret information by analyzing whether
it conforms to the statistical cover’s distribution.
However, the limitation of the "Prisoner Model" is
that it only considers d(PC , PS) and ignores dis-
course information of S, resulting in poor discourse
matching between C and S.

Affected by distinct user nature and growth en-
vironments, social networks are full of texts with
various writing styles (Xu et al., 2023a). Further-
more, owing to distinct expression purposes and
areas involved, the texts in social networks display
different genres (McCarthy and Dore, 2023), such
as novels and news. If the steganography scheme
ignores discourse information such as the styles,
genres, and themes of the texts. At this time, Eve
may detect the existence of S without even analyz-
ing the distribution of the transmitted text, which
is incomplete for excellent covert communication.

To ensure a strong discourse matching between
C and S, Alice and Bob need to ensure that the dis-
course difference between each transmitted stego
and the cover is small enough. Suppose Alice needs
to transfer secret information mk ∈M to Bob, |k|
is the number of m. Alice will get the style space
Cstyle based on the cover C she writes. According
to the specific encoding method enc and mk, Sk

with the style space Sstyle will be generated. To
avoid Eve’s suspicion of Sk at the style level, the
following conditions need to be satisfied:


f1 : Stega(C, enc,mk)→ Sk

f2 : C → Cstyle ∼ PC1, Sk → Sstyle
∼ PS1

d(PC1, PS1) ≤ ε1

, (2)

where, f1 is the steganography process, f2 is the
mapping process from text to style space, Stega(·)
is the steganography scheme, ∼ is following a cer-
tain distribution, ε1 is a small value greater than
0, and measures the security at the style level. In
addition, if Alice uses a platform that contains a
specific genre (such as novels and poems) to pub-
lish Sk that conforms to this genre, Alice will use
the platform’s genre space Cgenre to generate Sk

with the genre space Sgenre. Or Alice wants to
transfer mk in the comments on a certain topic and
generate Sk with the theme space Stheme. To avoid
Eve’s suspicion of Sk at the style level and theme
level, it needs to be satisfied:


f3 : C → Cgenre ∼ PC2, Sk →

Sgenre ∼ PS2
f4 : C → Ctheme ∼ PC3, Sk →

Stheme ∼ PS3
d(PC2, PS2) ≤ ε2, d(PC3, PS3) ≤ ε3

, (3)

where, f3 and f4 are the mapping process of text to
style space and theme space, ε2 and ε3 are smaller
values greater than 0, which measure the conceal-
ment at the style level and theme level.

The above three assumptions cover most situa-
tions where secret information is transmitted over
an open channel. Alice and Bob’s covert communi-
cation hopes to avoid Eve’s suspicion to the greatest
extent and needs to satisfy:


d(PC , PS) ≤ ε
(d(PC1, PS1) ≤ ε1) ∨ (d(PC2, PS2)

≤ ε2) ∨ (d(PC3, PS3) ≤ ε3)
. (4)

That is, on the premise of ensuring formula 1, ex-
cellent covert communication also needs to satisfy
at least one discourse-matching condition.

2.2 Overall

The LLsM proposed in this paper can satisfy the
extension of covert communication, i.e. formula 4.
LLsM not only receives the secret information but
also uses the Prompt of LLM (OpenAI, 2023)(Tou-
vron et al., 2023) to input instructions to generate
certain discourse characteristics into the LLsM as
guidance information. This scheme employs range
coding to encode the candidate pool, achieving the
generated stegos that are both in controlled dis-
course and highly concealable. Figure 1 shows the
overall framework of LLsM.
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Figure 1: The overall framework of LLsM. The framework mainly consists of two parts: "Probability generation
module" and "Embedding module". The input of the "Stego generator" is the secret information bitstream and
Prompt containing <Instruction> and <Input>. The output is the generated stegos.

2.3 Details
2.3.1 LLM Fine-tuning
Fine-tuning dataset construction. Figure 2
shows the fine-tuning dataset construction. We
used GPT4 (OpenAI, 2023) and Wikipedia1 to ob-
tain answers, and explored the potential writing
habits and genre structures of a certain field con-
tained by humans’ writing. These are input into
GPT4 (OpenAI, 2023) in the form of Prompt to-
gether with the answers for dataset enhancement
and expansion. Then high-quality answers are ob-
tained through filtering. These answers are formed
golden Q&A with the corresponding questions, and
the format of golden Q&A is "Prompt (Instruction,
Input), Response".
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Figure 2: Dataset construction.

LLaMA2 fine-tuning. Use the golden Q&A ob-
tained above as input for fine-tuning the LLM. Fig-
ure 3 shows the process of LLM fine-tuning.
Here, we choose LLaMA2 (Touvron et al., 2023),
which is open-sourced by Meta Company, with 2
trillion pre-trained tokens and 4,096 context length.
Due to the large scale of this model, direct fine-
tuning will bring huge time and space overhead.

1https://www.wikipedia.org/
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Figure 3: LLM Fine-tuning.

Therefore, this paper uses Low-Rank Adaptation
(LoRA) (Hu et al., 2021) for fine-tuning. This
technique only adds a low-rank (i.e., lower dimen-
sion) matrix ∆W to the model’s weight matrix
W0 ∈ Rd×k, while leaving most of the original
model unchanged. LoRA provides an efficient way
to fine-tune LLM when resources are limited or you
want to retain pre-trained knowledge. The formula
is as follows:

W0 +∆W = W0 +BA,
B ∈ Rd×r, A ∈ Rr×k,

(5)

where, r ≪ min(d, k). Finally, the parameters of
the original LLaMA2 and the fine-tuning param-
eters obtained by LoRA are combined to obtain
a fine-tuning model that can generate texts with
certain discourse characteristics.

2.3.2 Stego generation
Stego generation is shown in Figure 1. Our stegos
are generated based on Prompt and secret infor-
mation bitstream control. The generation process
is mainly composed of the probability generation
module and the embedding module. The process
PG and Em formulas of these modules are as fol-
lows:



{
PG : Ge(LM(I))→ P
Em : match mt in {Rc(Trun(P ))} , (6)

i = Em(PG(I)), (7)

where, I and P represent the index sequence of a
given text and the probability distribution of the
next token, P = [p1, p2, · · · , pv], pv represents
the probability of the v-th token in the vocabulary,
and |v| is the number of tokens in the vocabulary.
LM(·) and Ge(·) represent the process of using
fine-tuned LLM to generate vector representation
and obtain token probability distribution. Rc(·) and
Trun(·) represent the range coding and truncation
process. match ◦ in{·} represents the process of
matching the same prefix between the ◦ and {·},
and i is the index to generate the next token.

The probability generation module receives
the content generated by the given Prompt or
Prompt+part of generation. This module provides
the embedding module with the probability distri-
bution of the token to be generated. After receiving
the probability distribution, the embedding module
first samples and arranges the top_k tokens to build
the candidate pool CP . Then, range coding is per-
formed for each token on the interval length of 0 to
2α − 1 according to the token probability in CP .
Range coding is an information encoding method
commonly used for lossless compression of data.
It can be easily adapted to different probability dis-
tributions, making it very effective in many types
of data compression tasks. In addition, since range
coding is a lossless compression technology, the
original data can be restored intact. Here we allo-
cate different intervals according to the probability
of the candidate pool token, and then take the α-bit
secret bit to determine a binary number and obtain
the token corresponding to the matching interval.
Then the beginning and the ending of the interval
are matched to obtain a common prefix, which is
the secret bit embedded at this moment. Therefore,
the actual embedded secret information is the com-
mon prefix of the corresponding interval, not the α
bits. Loop the above process, the final stego will be
obtained according to the inverse mapping. Algo-
rithm 1 illustrates the secret embedding of LLsM.

Probability generation module. This module
uses a fine-tuned LLM as an encoder for the au-
toregressive generation of text sequences. At
the first moment, i.e. t = 1, the input is a

Algorithm 1 Secret embedding of LLsM.

Input: Secret B = {x, x, x, · · · , x}, x ∈ {0, 1};
Prompt.

Output: Discourse-controlled stego texts S =
[tn+1, tn+2, · · · , < EOS >] with secret.

1: Preparation for fine-tuning LLM;
2: while Not the end of the secret bitstream do
3: Map typed Prompt to I1 = [i1, i2, · · · , in];
4: while The generated token is not <EOS> do
5: According to the probability gener-

ation module, encode I as E =
[e1, e2, · · · , en], and generate the proba-
bility distribution of the next token P ;

6: Sample all tokens and retain the top_k
tokens with higher probability, and con-
structing CP ;

7: Range coding is performed for each to-
ken on the interval length of 0 to 2α − 1
according to the token’s probability in the
CP ;

8: The α-bit secret bitstream is taken to de-
termine an integer and the correspond-
ing token of the matching intervals is ob-
tained;

9: According to the obtained token, use the
dictionary D inverse mapping to find the
corresponding index i;

10: Add the index i to the existing index
sequence, for example I1 ← I2 =
[i1, i2, · · · , in, in+1], and input it into the
fine-tuned LLM to generate subsequent
tokens;

11: end while
12: Matches the beginning and the ending of

this interval to get the same prefix;
13: Delete the same prefix in the secret informa-

tion at this moment, and embed it from the
next digit of the same prefix in the secret
information at the next moment;

14: end while
15: Get the final index sequence It =

[i1, i2, · · · , in, in+1, in+2, · · · , i<EOS>];

16: Inversely map [in+1, in+2, · · · , i<EOS>] gen-
erated in It to obtain the final S.

given Prompt mapped to a dictionary index se-
quence I1 = [i1, i2, · · · , in], and then encoded
into a vector representation E1. At the second
moment, i.e. t = 2, the index sequence I2 =



[i1, i2, · · · , in, in+1] is the index in+1 correspond-
ing to Prompt and the final selection pin+1 at the
first moment. Repeat until the index sequence
It = [i1, i2, · · · , in, in+1, in+2, · · · , i<EOS>]
at time t is obtained. At this moment,
[in+1, in+2, · · · , i<EOS>] in It is the index se-
quence corresponding to the stego S.

Embedding module. After receiving the proba-
bility distribution P of the next token generated by
the probability generation module, the embedding
module first samples and truncates all tokens, and
uses the retained tokens to construct the CP . Then
mapping each token in the CP into intervals based
on the probability and encode it. Then the corre-
sponding interval is obtained based on the secret
information, and the token corresponding to the tar-
get interval is obtained; and the same prefix of the
beginning and the ending of the interval is matched,
which is the secret information embedded at this
moment. Using the decoder, the reverse mapping
obtains the index i of the current token, which is
input to the probability generation module at the
next moment to continue generating probability
distributions.

2.3.3 Bitstream extraction
After the authorized recipient Bob receives the ste-
gos from the public channels, he extracts the secret
information contained in them. Bitstream extrac-
tion and bitstream embedding are a pair of recip-
rocal operations. To ensure complete extraction of
the bitstream, Alice and Bob need to use the same
probability generation module, dictionary, and cod-
ing algorithm. The expression for the extraction
process Ex is as follows:

{
P = PG(I)
Ex : match in+1 in{Rc(Trun(P ))} , (8)

When the corresponding interval is obtained using
the next token of the stego, the beginning and the
ending of the range encoding will be matched, and
the same prefix will be the current secret informa-
tion. Algorithm 2 illustrates the secret bitstream
extraction of LLsM.

3 Experiments

In this section, we show the comparison results
of LLsM and existing schemes. The results show
that LLsM has achieved superior performance in
terms of text quality, statistical analysis, discourse

Algorithm 2 Secret extraction of LLsM.
Input: Discourse-controlled stego texts S =

[tn+1, tn+2, · · · , < EOS >] with secret.
Output: Secret B = {x, x, x, · · · , x}, x ∈
{0, 1}.

1: Prepare the probability generation module, dic-
tionary D, and coding algorithm consistent
with Algorithm 1;

2: while Not the end of S do
3: Read the word tn+1 from S and map it to

the index in+1;
4: According to the probability generation

module, input in+1, and generate the proba-
bility distribution P of the next token;

5: According to P , sample all tokens and retain
top_k tokens, and construct the CP ;

6: Use 2α intervals to encode each token in the
CP ;

7: if tn+i ∈ S in CP then
8: According to the actual token, determine

a certain interval. The same prefix of the
beginning and the ending of the range cod-
ing at this moment is the secret bit stream
at the current moment, and is added to B;

9: else
10: The secret bitstream extraction process

ends;
11: end if
12: end while
13: Get the final extracted secret bitstream B =
{x, x, x, · · · , x}, x ∈ {0, 1}.

matching, and anti-steganalysis. All experiments
are run on NVIDIA GeForce RTX 4090 GPUs.

3.1 Settings

Dataset. We obtained a large amount of data
from Wikipedia1, Twitter22, and GPT4 (OpenAI,
2023), and preprocessed and filtered the data. In
addition, we used part of the publicly available
data for training other LLM3, and finally obtained
108,771 texts, 392,478 tokens, and covered a
dataset of nearly 100 different discourse charac-
teristics for fine-tuning LLM.

Model configuration. We employed Meta
LLaMA2 (Touvron et al., 2023) introduced in Sec-
tion 2.3.1, and used the above dataset and LoRA to

1https://www.wikipedia.org/
2https://twitter.com/
3https://github.com/tloen/alpaca-lora/tree/main



fine-tune LLaMA2, and the resulting fine-tuned
LLM is used as the language model of LLsM.
Specifically, LLsM adopted LLaMA2 7B (674 mil-
lion parameters) and 13B (1.302 billion parame-
ters) models. During the fine-tuning process, the
rank of LoRA is 8, the normalized parameter is 16,
the dropout is 0.05, the fine-tuned modules are Q
and V , and the maximum sentence length is 512.
The learning algorithm is AdamW (Loshchilov and
Hutter, 2018), and the learning rate is initialized to
1e-5. The batch size is set to 16, the micro-batch
size is set to 8, and the training epoch is set to 3.

Baselines. We selected the prevalent works in
recent years that demonstrated SOTA performance
at different concealments as the baselines.

Robust perceptual concealment baselines: (1)
Tina-Fang (Fang et al., 2017). It produces signifi-
cantly better performance than modified linguistic
steganography schemes. (2) RNN-Stega (Yang
et al., 2019a). It has excellent generative perfor-
mance in multiple datasets.

Robust statistical concealment baseline: (3)
ADG (Zhang et al., 2021). Its superiority has been
showed both mathematically and experimentally.

Related-task baseline (watermark): (4) PLM-
mark (Li et al., 2023b). It utilizes pre-trained lan-
guage models to provide the first secure and robust
black-box watermarking scheme, protecting PLM’s
intellectual property.

These schemes encompass the more comprehen-
sive requirements of LS tasks and are conducive
to comparing the generation effects of LLsM from
different levels. The performance of these schemes
has been widely recognized, so they were selected
as representatives of the baseline for experiments.

Evaluation metrics. We comprehensively eval-
uate the performance of the solution in terms of
text quality, statistical analysis, discourse match-
ing, and anti-steganalysis.

In terms of text quality, we adopt (1) PPL (stego
perplexity). PPL is often used to evaluate a lan-
guage model’s ability to generate and understand
texts (Wu et al., 2023). A lower PPL means that
the model has better modeling capabilities for the
distribution of this data (Ding et al., 2023). (2)
∆Pcs (The difference between PPL of cover and
stego (Yang et al., 2021)). A lower ∆Pcs means
that the model can better simulate the distribution
of cover, which to a certain extent illustrates the
strong concealment of stego.

In terms of statistical analysis, we adopt (3) JSD
(Jensen-Shannon divergence). JSD is a method for
measuring the difference between two probability
distributions (Li et al., 2023a), which averages the
KL divergence. A lower JSD means that the prob-
ability distributions of stego and cover are more
similar. (4) ∆CS (Cosine distance). ∆CS is 1 mi-
nus the cosine similarity between stego and cover
(Zhou et al., 2023), that is, ∆CS= 1−CS. (5) ED
(Euclidean distance). When the text is represented
as a dense vector, a smaller ED means that the stego
is more similar to the cover. (6) MD (Manhattan
distance). (7) ∆DP (Dot product difference (Cai
et al., 2021)).

In terms of discourse matching, we adopt (8)
∆LDA (topic distribution difference (Bu et al.,
2023)). (9) MAUVE (Pillutla et al., 2021).
MAUVE is a metric for dialogue system evalu-
ation that takes into account reply fluency, message
consistency, and conversation quality. (10) BLEU
(Bilingual evaluation understudy (Papineni et al.,
2002)), which is a metric for machine translation
that measures the similarity between the generated
translation and the human reference translation.
In LS, BLEU can measure the similarity between
stego and cover. (11) Rouge-L (Lin, 2004). Rouge-
L mainly evaluates the similarity between stego
and cover by calculating the longest common sub-
sequence. (12) BERTScore (Zhang et al., 2020).
BERTScore considers the similarity between stego
and cover at the word and segment level.

In terms of anti-steganalysis, we use the detec-
tion results of the high-performance deep-learning
linguistic steganalysis methods LS_CNN (Wen
et al., 2019), TS_CSW (Yang et al., 2020), EILG
(Xu et al., 2023b) and UP4LS (Wang et al., 2023c):
(13) Acc (Detection accuracy). (14) F1. The Acc
and F1 formulas are shown in (Wang et al., 2023c).

3.2 Comparison with baselines

Faced with the need to generate texts with multi-
ple discourse characteristics, the language model
of the baselines has two training methods: One
is to train "Whole" texts with multiple discourse
characteristics to obtain a model that contains mul-
tiple discourse characteristics. The other is to train
"Individual" texts with specific discourse charac-
teristics to obtain multiple models containing spe-
cific discourse characteristics.



3.2.1 Text quality
Table 1 shows the comparison between LLsM and
baselines in terms of the stego quality.

Table 1: Comparison between LLsM and baselines in
terms of the quality of stego generation (perceptual con-
cealment). Red bold represents the best performance.
The parameters "bin" and "bit" in Tina-Fang and RNN-
Stega are set to 1, 3, and 5 for experiments. "7B" and
"13B" represent the parameter amount of the original
LLaMA2 model, 2α represents the number of intervals,
and "Whole" and "Individual" represent as described in
Section 3.2. "ER" represents the embedding rate in the
current situation.

Schemes PPL ↓ ∆Pcs ↓

Tina-Fang
(Fang et al., 2017)

Whole
bin=1 235.2707 227.5782
bin=3 269.3030 261.6106
bin=5 272.1803 264.4878

Individual
bin=1 61.1301 53.4376
bin=3 62.4138 54.7213
bin=5 65.2493 57.5568

RNN-Stega
(Yang et al., 2019a)

Whole
bit=1 79.9866 72.2941
bit=3 99.3020 91.6096
bit=5 119.3254 111.6329

Individual
bit=1 14.2837 6.5912
bit=3 59.6795 51.9870
bit=5 83.0753 75.3828

ADG Whole 197.4981 189.8056
(Zhang et al., 2021) Individual 55.1914 47.4989

PLMmark (Li et al., 2023b) 18.7482 11.0557

Ours
7B

α=2 (ER: 0.4661) 4.7665 2.9337
α=4 (ER: 0.4085) 4.7865 2.9060
α=8 (ER: 1.0956) 7.6864 0.0061
α=16 (ER: 1.1252) 8.2682 0.5757
α=32 (ER: 1.1082) 8.1843 0.4918
α=48 (ER: 1.1254) 8.2191 0.5267

13B α=32 (ER: 1.1064) 8.4314 0.7389

According to the comparison results in Table 1,
it can be found that text quality is as follows:

• The quality of the stegos generated by LLsM
markedly surpasses that of the baselines. Par-
ticularly, when the original model is 7B and
α=8, the ∆Pcs value is minimal. This shows
that the stegos generated by LLsM can be
more consistent with the linguistic character-
istics of the cover training model, enhancing
the perceptual concealment of the stegos.

• In the training way of the language model in
the baselines, the PPL of the stegos generated
by the "Whole" training is significantly higher
than that of "Individual" training. This sug-
gests that the "Whole" training hinders the
language model’s ability to capture diverse
discourse characteristics in texts. While "Indi-
vidual" training achieves lower PPL, it comes
at the cost of requiring a multitude of models.
Each model is limited to generating stegos
with specific discourse characteristics, which
severely limits practicality and scalability.

3.2.2 Statistical analysis
Table 2 shows the comparison between LLsM and
baselines in terms of the statistical analysis be-
tween cover and stego.

According to the comparison results in Table 2,
it can be found that in terms of statistical analysis:

• The stegos generated by LLsM can better sim-
ulate the statistical distribution of cover. Es-
pecially when the original model is 7B and
α=32/48, the statistical difference between
cover and stego is the smallest, which shows
that the stegos generated at this time best sim-
ulates the distribution of the cover, enhancing
the statistical concealment of stegos.

• In the training way of the language model
in the baselines, the metrics JSD, ∆CS, ED,
MD, and ∆DP of the stegos generated by the
"Whole" training are markedly higher than
those of "Individual" training. This indicates
that "Whole" training of the language model
makes it difficult to learn the overall distribu-
tion of different texts, thereby the "Whole"
training of the baselines is less controllable to
a certain extent.

3.2.3 Discourse matching
Table 3 shows the comparison between LLsM and
baselines in terms of the discourse matching of
cover and stego.

According to the comparison results in Table 3,
we observe that the stegos generated by LLsM has
a better degree of discourse matching with cover.
Specifically, when the original model is 13B, α=32,
the MAUVE metric indicates an improvement, sur-
passing 70%-80% of the baselines. Furthermore,
when the original model is 7B, α=32, the BLEU
score shows a notable enhancement, exceeding
40%-50% of the baselines. Results show that the
discourse controllability of LLsM in generating
stegos is significantly superior to the baselines. It
enhances the semantic concealment of stegos.

3.2.4 Anti-steganalysis ability
Table 4 shows the anti-steganalysis comparison of
stegos generated by LLsM and baselines.

According to the comparison results in Table 4,
it is found that compared with baselines, stegos
generated by LLsM are more difficult to detect by
high-performance steganalysis. Specifically, in the
non-BERT-based LS_CNN method, LLsM’s stego
detection accuracy is 30%-40% lower than that of



Table 2: Comparison between LLsM, LS-task baselines, and related-task baseline in terms of the statistical analysis
between cover and stego (statistical concealment). The meanings expressed by "Whole", "Individual", "bin", "bit",
and "α" are the same as those in Table 1. Red bold represents the best performance.

Schemes JSD ↓ ∆CS ↓ ED ↓ MD ↓ ∆DP ↓

Tina-Fang (Fang et al., 2017)
Whole

bin=1 0.6343 0.9069 1.3468 17.9111 0.9069
bin=3 0.6334 0.9070 1.3468 17.8763 0.9070
bin=5 0.6338 0.9074 1.3471 17.7938 0.9074

Individual
bin=1 0.3964 0.2684 0.7327 12.5390 0.2684
bin=3 0.3953 0.3703 0.8606 11.3149 0.3703
bin=5 0.4022 0.3628 0.8519 13.2135 0.3628

RNN-Stega (Yang et al., 2019a)
Whole

bit=1 0.4151 0.0403 0.2839 7.5304 0.0403
bit=3 0.3938 0.0368 0.2713 7.3714 0.0368
bit=5 0.4077 0.0372 0.2729 7.4137 0.0372

Individual
bit=1 0.5484 0.1342 0.5180 11.1034 0.1342
bit=3 0.4150 0.0581 0.3408 7.8919 0.0581
bit=5 0.5159 0.0966 0.4395 10.4355 0.0966

ADG (Zhang et al., 2021) Whole 0.4302 0.0318 0.2523 8.2321 0.0318
Individual 0.5275 0.1468 0.5419 11.3048 0.1468

PLMmark (Li et al., 2023b) 0.5376 0.1668 0.5776 9.9661 0.1668

Ours
7B

α=2 0.4766 0.0474 0.3080 8.6491 0.0474
α=4 0.4721 0.0455 0.3018 8.5015 0.0455
α=8 0.3886 0.0280 0.2367 6.4575 0.0280
α=16 0.3849 0.0258 0.2273 6.3386 0.0258
α=32 0.3848 0.0235 0.2168 6.2929 0.0235
α=48 0.3846 0.0255 0.2260 6.2725 0.0255

13B α=32 0.4393 0.0368 0.2714 8.0344 0.0368

Table 3: Comparison between LLsM, LS-task baselines, and related-task baseline in terms of the discourse matching
of cover and stego (semantic concealment). The meanings expressed by "Whole", "Individual", "bin", "bit", and "α"
are the same as those in Table 1. Red bold represents the best performance. "a±b" represents "average±standard
deviation". For specific data, please see Appendix A for examples.

Schemes ∆LDA ↓ MAUVE ↑ (%) BLEU ↑ (%) Rouge-L ↑ (%) BERTScore ↑ (%)

Tina-Fang
(Fang et al., 2017)

Whole
bin=1 0.11964 2.15±0.87 0.90±1.58 0.45±0.16 42.58±1.30
bin=3 0.11964 1.96±0.68 0.90±1.59 0.53±0.18 41.65±1.33
bin=5 0.11964 2.23±0.97 0.90±1.58 0.51±0.20 43.02±1.27

Individual
bin=1 0.15950 0.59±0.16 21.79±17.12 4.07±1.25 47.59±3.39
bin=3 0.20424 0.60±0.19 22.03±18.39 3.88±0.97 47.21±2.83
bin=5 0.20424 0.51±0.14 22.18±17.30 3.46±0.72 47.77±3.65

RNN-Stega
(Yang et al., 2019a)

Whole
bit=1 0.00062 12.73±10.56 1.87±3.28 7.95±0.87 52.57±2.20
bit=3 0.18919 11.97±10.56 1.83±3.21 7.55±0.84 52.36±1.80
bit=5 0.11969 15.22±6.81 1.76±3.09 6.85±0.93 51.58±2.06

Individual
bit=1 0.00009 0.53±0.36 24.54±19.40 9.73±1.75 36.64±5.50
bit=3 0.00012 0.54±0.38 25.78±13.69 10.78±1.98 37.44±5.42
bit=5 0.00008 0.55±0.43 32.36±20.85 10.71±1.66 36.54±5.00

ADG Whole 0.15901 18.54±13.89 2.72±4.79 8.66±1.12 47.55±2.25
(Zhang et al., 2021) Individual 0.11962 0.79±1.17 31.08±22.53 10.91±3.11 38.86±4.06

PLMmark (Li et al., 2023b) 0.00009 7.22±4.88 0.15±0.27 3.23±0.77 43.50±0.79

Ours 7B

α=2 0.00010 30.13±30.21 70.78±29.00 12.97±3.38 60.67±4.41
α=4 0.00004 32.27±22.00 62.54±34.43 12.75±3.23 62.11±4.15
α=8 0.00017 79.91±26.75 76.37±31.85 10.42±2.82 65.76±4.13
α=16 0.00035 80.28±26.43 75.77±32.22 10.26±2.30 64.88±4.13
α=32 0.00022 76.97±26.47 77.85±30.42 10.20±2.41 65.22±4.61
α=48 0.00020 78.70±25.51 76.53±31.71 10.36±2.47 65.25±4.78

13B α=32 0.00039 88.38±24.12 1.55±1.25 10.08±2.77 61.66±2.96



Table 4: Steganalysis comparison of stegos generated by LLsM, LS-task baselines, and related-task baseline. The
meanings expressed by "Whole", "Individual", "bin", "bit", and "α" are the same as those in Table 1. Red bold
represents the best performance. "a±b" represents "average±standard deviation". The unit is %.

Schemes (%)
LS_CNN TS_CSW EILG UP4LS

(Wen et al., 2019) (Yang et al., 2020) (Xu et al., 2023b) (Wang et al., 2023c)
Acc ↓ F1 ↓ Acc ↓ F1 ↓ Acc ↓ F1 ↓ Acc ↓ F1 ↓

Tina-Fang
(Fang et al., 2017)

Whole
bin=1 99.70±0.29 99.68±0.31 88.34±21.22 91.01±15.69 99.50±0.25 99.51±0.25 99.75±0.06 99.60±0.09
bin=3 99.75±0.16 99.76±0.15 89.03±20.58 92.39±13.82 99.59±0.17 99.52±0.66 99.88±0.10 99.80±0.15
bin=5 99.85±0.20 99.85±0.19 99.40±0.40 99.44±0.38 99.83±0.17 99.83±0.25 99.93±0.10 99.88±0.15

Individual
bin=1 95.38±0.81 95.39±0.75 87.39±17.52 90.80±11.04 95.95±0.66 95.79±0.54 99.85±0.19 99.77±0.29
bin=3 96.28±0.44 96.29±0.43 91.61±5.06 91.64±4.64 96.69±0.41 96.67±0.82 99.86±0.12 99.81±0.17
bin=5 97.17±1.01 97.29±0.96 96.38±0.64 96.29±0.65 97.44±0.17 97.37±0.85 99.90±0.10 99.85±0.16

RNN-Stega
(Yang et al., 2019a)

Whole
bit=1 85.81±1.93 86.03±1.40 81.39±1.70 82.59±1.62 85.86±0.50 86.29±0.89 97.42±0.44 95.97±0.67
bit=3 82.93±2.18 84.48±2.20 80.35±2.38 77.94±3.04 82.71±0.17 83.10±1.02 96.78±0.82 94.74±1.34
bit=5 80.79±1.01 82.01±1.15 77.42±2.10 76.93±3.07 81.97±0.41 81.43±1.57 97.15±0.37 95.33±0.75

Individual
bit=1 96.97±1.28 97.19±1.16 91.36±1.87 91.13±2.41 97.77±0.25 97.90±0.24 99.48±0.39 99.16±0.59
bit=3 83.37±2.49 84.51±2.76 89.38±3.84 87.89±5.10 86.85±0.25 85.31±1.45 97.02±1.40 96.72±1.22
bit=5 82.38±3.78 83.74±2.82 85.31±16.51 85.61±15.98 87.88±1.16 87.95±1.96 98.99±0.35 98.46±0.53

ADG Whole 85.86±1.73 86.35±1.82 82.23±2.40 82.08±2.96 84.86±1.74 84.10±1.80 98.34±0.39 97.41±0.58
(Zhang et al., 2021) Individual 97.07±1.79 97.03±1.78 97.35±0.87 97.37±0.87 98.01±0.74 98.07±0.73 99.76±0.22 99.54±0.46

PLMmark (Li et al., 2023b) 98.64±0.92 98.60±0.95 98.81±1.83 98.75±1.93 99.92±0.17 99.92±0.11 99.85±0.30 99.85±0.30

Ours 7B

α=2 77.66±5.36 79.89±3.18 72.01±5.97 73.78±9.36 81.14±0.50 81.25±1.18 88.04±0.29 79.03±1.08
α=4 75.19±1.55 75.89±2.41 69.23±4.94 73.93±3.75 79.98±0.33 79.99±1.07 83.73±0.43 74.23±1.52
α=8 59.50±2.77 60.15±10.59 56.82±4.09 64.21±10.03 67.25±3.23 68.04±1.53 75.40±0.37 50.84±5.16
α=16 59.21±5.47 60.54±11.10 55.04±3.97 60.77±11.62 63.69±2.07 61.47±2.27 74.01±1.52 43.97±9.51
α=32 59.35±1.25 59.99±5.51 54.05±4.72 61.68±11.17 62.28±0.50 62.66±2.31 71.97±0.64 50.02±3.45
α=48 58.00±2.37 56.08±13.79 54.98±3.14 59.17±11.37 65.51±2.23 66.78±3.91 71.40±0.65 40.24±7.67

13B α=32 59.74±2.93 56.95±9.98 55.73±3.38 58.70±9.14 64.35±0.91 63.74±1.89 88.61±3.51 14.02±6.48

baselines. Furthermore, within the BERT-based
UP4LS method, LLsM’s stego detection accuracy
is 20%-30% lower than that of baselines. This
shows that LLsM greatly increases the detection
difficulty of steganalysis and is more conducive to
the success of covert communication.

3.3 Long stegos by LLsM
In addition, we also perform LLsM in generating
longer stegos. Examples are shown in Table 5.

According to the results in Table 5, the long
stegos generated by LLsM are relatively smooth,
and the discourse characteristics are more in line
with the guidance of Prompt. Since long stego
generation is not the focus of this study, we will
not go into details here.

4 Related Work

The construction of language models and their en-
coding ways are pivotal in determining the conceal-
ment and quality of stegos. Focusing on these two
key aspects, researchers have developed various
steganography schemes(Ding et al., 2023)(Yang
et al., 2021)(Wang et al., 2023b)(Xiang et al.,
2023)(Yang et al., 2023). Fang et al. (Fang et al.,
2017) proposed an LSTM-based steganography
scheme. This scheme segments the vocabulary
into several sets based on bit blocks. It then se-
lects tokens with the highest probability that corre-
sponds to the secret information from the candidate
pool, thereby enhancing the embedding capacity
and ensuring perceptual concealment. Ding et al.

(Ding et al., 2023) combined the conditional gen-
eration strategy with the replacement technique,
using text sequences as auxiliary data in the stego
generation process to enhance the embedding ca-
pabilities. Yang et al. (Yang et al., 2019a) and
(Yang et al., 2021) designed RNN-Stega and VAE-
Stega steganography schemes. These schemes re-
spectively use extensive cover to train their lan-
guage models, and then encode each word based
on the conditional probability distribution, employ-
ing fixed-length and variable-length encoding in
RNN-Stega, and Huffman and arithmetic coding in
VAE-Stega. Experimental results show that both
schemes achieve excellent performance in terms
of perceptual concealment and statistical conceal-
ment. To further reduce the distribution difference
between cover and stego, Zhang et al. (Zhang et al.,
2021) constructed a provably secure ADG scheme.
It recursively embeds information via adaptive dy-
namic grouping. This scheme’s robust statistical
concealment has been verified theoretically and
experimentally. Zhou et al. (Zhou et al., 2021)
used a Generative Adversarial Network to design
an adaptive probability distribution steganography
scheme.

To improve semantic concealment, Li et al. (Li
et al., 2021) put forward a steganography scheme
based on the knowledge graph. This scheme en-
codes entities and relationships, and the multiple
sentences generated show overall coherence and
relevance while ensuring quality. Yang et al. (Yang
et al., 2023) utilized semantic information encod-



Table 5: Examples of long stegos generated by LLsM.

Secret & Bitsream Prompt Stegos PPL↓ ∆LDA↓
Secret:
Multimedia

Bitstream:
010011010111010101
101100011101000110
100101101101011001
010110010001101001
01100001 (80bit)

Introduction to
Shakespeare’s
writing style.

Shakespeare’s writing style is unique and unmatched by any other writer in history. His
plays are notable for their richness and variety, their use of vivid imagery and metaphor,
their powerful characters and their insight into the human condition. Shakespeare’s use
of iambic pentameter, for example, adds to the rhythm and beauty of his verse, while
his use of puns and wordplay adds to the humor and wit of his plays. His characters
are complex and multifaceted, and his use of language to explore their emotions and
motivations is unparalleled. Shakespeare’s writing style is also notable for its use
of language to explore themes of love, loss, betrayal, and redemption. His plays are
filled with powerful imagery and metaphors that help to bring these themes to life.
Shakespeare’s writing style is also notable for its use of language to explore the human
condition. His characters are complex and multifaceted, and his use of language to
explore their emotions and motivations is unparalleled.

2.3081 0.00003

Secret:
Love and peace

Bitstream:
010011000110111101
110110011001010010
000001100’00101101
110011001000010000
00111000001100101’
011000010110001101
100101 (114bit)

Discuss the
causes of the
Great Depres-
sion.

The Great Depression was a severe economic downturn that lasted from 1929 to 1939.
It was the worst economic depression in the history of the United States and it affected
many countries around the world. The causes of the Great Depression are numerous
and complex, but some of the main factors include overproduction, the bursting of the
stock market bubble, banking failures, and government policies. One of the primary
causes of the Great Depression was overproduction. The United States economy was
booming in the 1920s, and many businesses and industries expanded their production
to meet the growing demand. However, this resulted in an oversupply of goods and
services, which led to a decrease in prices and a decrease in demand. This decrease in
demand caused a drop in profits, which led to businesses cutting back on production
and laying off workers.

2.1451 0.00004

Explain the use
of word embed-
dings in Natural
Language Pro-
cessing.

Word embeddings are a form of representation learning in natural language processing
(NLP). Word embeddings are vectors of real numbers that represent the meaning of
words. These vectors are learned from large amounts of text data and can be used to
model the relationship between words and their contexts. Word embeddings can be
used in various NLP tasks such as sentiment analysis, machine translation, and text
classification.

3.3995 0.00006

Give some strate-
gies for getting
over a fear of pub-
lic speaking.

Public speaking is a common fear for many people, and it can be difficult to overcome.
Here are some strategies that can help: 1. Practice: The more you practice public
speaking, the more comfortable you will become. Start by practicing in front of a
small group of friends or family members, and gradually work your way up to larger
audiences. 2. Visualize: Before giving a speech, visualize yourself giving a successful
presentation. Imagine yourself confidently delivering your speech, and see yourself
receiving positive feedback from the audience. 3. Breathe: Take deep, slow breaths
before giving a speech.

2.0459 0.00007

ing to embed secret information, realizing the ef-
fect of maintaining semantics and increasing the
embedding capacity during the translation process.
Wang et al. (Wang et al., 2023b) leveraged the
relevance of social network context to enhance
contextual semantic relevance while maintaining
existing schemes’ embedding rates. Xiang et al.
(Xiang et al., 2023) generated semantically consis-
tent stegos by constructing a grammar-controlled
paraphrase generation model and a grammar bin
encoding strategy. This scheme maintained a high
level of semantic coherence.

5 Conclusion

To improve the controllability of stego generation
and improve their concealment, this paper proposes
the LLM-based generative linguistic steganography
scheme. This scheme constructed a dataset with
rich discourse characteristics to fine-tune an open-
source LLM. Then, We employ range coding on
the sampled candidate pool to simulate the distribu-
tion of cover. Furthermore, this scheme inputs the
information expected to obtain specific discourse
characteristics into the fine-tuned LLM together
with secret information, ensuring the degree of dis-
course matching of the generated stego. Experi-

ments show that the scheme proposed in this paper
has achieved excellent performance in terms of text
quality, statistical analysis, discourse matching, and
anti-steganalysis. Notably, we also give an example
of LLsM generating longer stego, demonstrating
its potential advantages in long LS tasks. Last but
not least, since the research focus of this paper is
to improve the controllability and concealment of
stego generation, there is not much elaboration and
optimization in terms of fine-tuning the dataset and
embedding rate.

In the next work, we will concentrate on fine-
tuning the dataset and instruction optimization in
LLM-based LS to further improve the concealment,
text quality, discourse matching, and controllability
of the stego. Given the limited related studies on
long LS and stego diversity, we will also conduct
in-depth research on high-quality search algorithms
to improve the length and diversity of stego while
ensuring text quality. We also recognize a gap
in the steganalysis of stegos generated by LLMs.
Current linguistic steganalysis tools struggle to ac-
curately identify such texts. Addressing this, our
future research will include developing LLM-based
linguistic steganalysis techniques to improve the
detection capabilities against stegos.
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Table 6: Comparison of MAUVE evaluation LLsM, LS-task baselines, and related-task baseline. The meanings
expressed by "Whole", "Individual", "bin", "bit", and "α" are the same as those in Table 1. Red bold represents the
best performance. "a±b" represents "average±standard deviation". The unit is %. Due to space limitations, this
table only presents the generation performances on 10 discourse characteristic datasets.

MAUVE ↑ (%) Admin Andersen Dickens Education Engineer Geography History Literature Movie Music All (avg±std)

Tina-Fang
(Fang et al., 2017)

Whole
bin=1 2.35 0.77 0.62 2.36 2.35 2.35 3.67 2.35 2.35 2.35 2.15±0.87
bin=3 2.14 0.75 0.77 2.17 2.14 2.14 3.00 2.15 2.15 2.15 1.96±0.68
bin=5 2.39 0.81 0.58 2.42 2.39 2.39 4.10 2.42 2.39 2.42 2.23±0.97

Individual
bin=1 0.41 0.59 0.62 0.65 0.41 0.93 0.41 0.59 0.65 0.65 0.59±0.16
bin=3 0.63 0.54 0.53 0.41 0.41 0.62 0.65 1.03 0.41 0.78 0.60±0.19
bin=5 0.41 0.52 0.59 0.41 0.41 0.41 0.41 0.83 0.65 0.41 0.51±0.14

RNN-Stega
(Yang et al., 2019a)

Whole
bit=1 3.69 27.68 14.82 14.11 4.22 4.23 4.39 32.60 4.68 16.92 12.73±10.56
bit=3 3.68 24.68 12.72 15.93 3.88 3.79 3.92 31.99 4.18 14.88 11.97±10.56
bit=5 11.13 18.95 13.19 13.94 11.17 11.16 11.24 33.04 11.62 16.73 15.22±6.81

Individual
bit=1 0.41 1.54 0.45 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.53±0.36
bit=3 0.41 1.63 0.46 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.54±0.38
bit=5 0.41 1.78 0.48 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.55±0.43

ADG Whole 28.26 13.74 7.89 35.86 7.91 7.90 7.98 45.83 7.97 22.03 18.54±13.89
(Zhang et al., 2021) Individual 4.13 0.46 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.79±1.17

PLMmark (Li et al., 2023b) 0.69 0.49 5.51 12.87 5.51 5.51 5.51 13.43 9.04 13.63 7.22±4.88

Ours 7B

α=2 4.79 1.39 32.33 5.77 82.10 13.78 19.87 85.42 26.13 29.71 30.13±30.21
α=4 6.92 1.03 47.87 22.14 54.36 47.62 21.11 68.41 17.34 35.91 32.27±22.00
α=8 42.64 20.39 87.17 80.57 99.83 99.03 94.56 87.81 98.22 88.91 79.91±26.75
α=16 41.81 23.14 99.32 90.06 83.37 98.26 86.02 98.46 99.77 82.63 80.28±26.43
α=32 41.57 21.25 89.99 93.56 91.44 97.27 63.91 94.97 96.53 79.22 76.97±26.47
α=48 42.35 22.61 96.52 83.79 99.83 88.40 91.21 79.46 94.84 87.98 78.70±25.51

13B α=32 64.38 27.18 99.24 100.00 98.77 96.75 99.31 99.93 98.28 99.98 88.38±24.12

Table 7: Comparison of BERTScore evaluation LLsM, LS-task baselines, and related-task baseline. The meanings
expressed by "Whole", "Individual", "bin", "bit", and "α" are the same as those in Table 1. Red bold represents the
best performance. "a±b" represents "average±standard deviation". The unit is %. Due to space limitations, this
table only presents the generation performances on 10 discourse characteristic datasets.

BERTScore ↑ (%) Admin Andersen Dickens Education Engineer Geography History Literature Movie Music All (avg±std)

Tina-Fang
(Fang et al., 2017)

Whole
bin=1 41.22 41.87 43.65 41.68 44.31 41.82 41.49 44.08 41.48 44.20 42.58±1.30
bin=3 40.53 41.11 42.74 40.31 43.10 40.68 40.75 43.04 40.50 43.74 41.65±1.33
bin=5 42.46 42.43 44.30 42.05 44.67 42.41 41.56 44.06 41.58 44.72 43.02±1.27

Individual
bin=1 41.10 47.30 43.25 50.33 52.90 48.53 48.98 48.43 46.25 48.85 47.59±3.39
bin=3 41.92 50.68 43.79 49.96 48.99 49.48 47.55 47.69 45.16 46.86 47.21±2.83
bin=5 40.90 48.64 43.71 48.56 53.35 48.27 45.07 48.11 49.79 51.26 47.77±3.65

RNN-Stega
(Yang et al., 2019a)

Whole
bit=1 54.73 50.47 53.90 55.77 53.87 49.57 49.63 53.91 51.33 52.56 52.57±2.20
bit=3 53.90 50.67 53.02 55.19 53.43 49.29 50.52 53.50 51.76 52.31 52.36±1.80
bit=5 52.45 49.93 53.51 54.38 52.64 48.46 48.95 53.55 50.36 51.53 51.58±2.06

Individual
bit=1 47.20 36.69 45.09 33.80 39.05 32.58 35.05 32.69 31.83 32.41 36.64±5.50
bit=3 47.29 38.19 45.65 35.63 40.70 34.27 34.31 32.29 32.73 33.38 37.44±5.42
bit=5 45.71 37.30 44.29 34.57 39.18 33.20 33.69 32.82 31.68 32.99 36.54±5.00

ADG Whole 48.91 46.14 48.99 50.08 49.39 44.54 44.34 49.59 45.20 48.35 47.55±2.25
(Zhang et al., 2021) Individual 42.95 41.15 44.05 37.09 45.07 35.89 36.99 36.35 33.69 35.39 38.86±4.06

PLMmark (Li et al., 2023b) 42.39 42.43 43.96 42.73 43.92 43.79 44.07 43.69 44.81 43.23 43.50±0.79

Ours 7B

α=2 57.69 65.31 52.01 65.89 64.72 59.81 56.33 60.70 61.02 63.20 60.67±4.41
α=4 60.00 69.08 55.62 67.31 65.06 61.53 57.40 62.14 60.88 62.06 62.11±4.15
α=8 62.58 70.66 55.91 69.65 67.92 65.88 66.66 65.43 67.01 65.93 65.76±4.13
α=16 59.99 69.49 55.68 67.85 66.47 66.35 66.39 63.48 66.89 66.22 64.88±4.13
α=32 58.50 69.64 55.73 69.08 68.39 66.95 67.39 64.08 66.22 66.26 65.22±4.61
α=48 58.92 69.60 54.42 68.61 66.89 67.03 67.51 65.33 67.38 66.77 65.25±4.78

13B α=32 60.50 65.18 56.60 65.25 59.72 65.53 61.78 58.99 62.11 60.97 61.66±2.96


