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Abstract. To address the issue in Chinese text information content evaluation where traditional
methods primarily rely on statistical features and overlook semantic and structural complexity, this
study proposes a Chinese text information density evaluation model that fuses semantic and
statistical features. The model adopts a dual-channel fusion architecture: the semantic channel
utilizes the pre-trained language model BERT to extract deep contextual embeddings of the text,
combined with a Bidirectional Long Short-Term Memory network (BILSTM) to capture long-range
semantic dependencies; the statistical channel integrates Term Frequency-inverse Document
Frequency (TF-IDF), part-of-speech (POS) distribution, and dependency relations. These two types
of heterogeneous features are concatenated and then fed into a fusion gating module for effective
combination and non-linear interaction. Finally, a regression layer outputs a standardized information
density score. For model training and evaluation, this study operationalized the definition of
information density and constructed a manually annotated dataset comprising 210 diverse Chinese
texts. Experimental results demonstrate that the proposed model significantly outperforms various
baseline models across all evaluation metrics, validating the effectiveness and superiority of the
fusion model for the task of Chinese text information density evaluation. This research provides a
new analytical tool for applications such as text quality assessment and high-value information
localization.

Keywords: Information Density; Chinese Text Evaluation; Semantic Features; Statistical Features;
Deep Learning; Fusion Model.

1. Introduction

According to Shannon’s “A Mathematical Theory of Communication”, information can be defined
as the measure of uncertainty that arises when a specific message is selected from a set of possible
messages [1], which laid the foundation of information theory. Beyond this technical notion of
“information,” some communication scholars have turned elements of information theory into tools
for studying mass-communication phenomena, such as quantifying communication chains and
analyzing the structure and efficiency of communication networks through information-theoretic
models [2].

Several studies have applied information theory directly to practical scenarios. Qian Chen and Huang
Weidong introduced a “super-information” metric based on information quantity and built a Weibo
event situation-awareness model that effectively filters noise and extracts key inflection points [3].
Wang Zheng et al. proposed the Message-Based Information Density (MBID) model for detecting
emerging topics, achieving efficient monitoring via a dynamic sliding window and a topic-tree
structure [4]. Other investigations focus on the role of information in linguistic communication.
Crocker et al.’s IDeaL project employs an information-theoretic framework to explain the relationship
among linguistic variation, cognitive processing, and communicative efficiency [5]. Liu et al. use
information-theoretic methods — specifically the Kolmogorov-complexity framework — to measure
the linguistic complexity of Mandarin Chinese [6].

However, most existing studies rely on a single metric or dimension, and few models capture the
richness of information conveyed within Mandarin’s flexible word order. The present study
transcends the one-dimensional word-frequency paradigm by adopting a dual-channel semantic—
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statistical fusion architecture for assessing information density: multidimensional information
quantification is achieved through the synergy of a pre-trained language model and multiple statistical
features. In the semantic channel, contextual embeddings obtained via a BERT tokenizer are
processed by a bidirectional LSTM to capture long-range semantic dependencies; in the statistical
channel, TF-IDF weights, part-of-speech distributions, and dependency features are integrated
simultaneously. The two heterogeneous feature sets are concatenated and fed into a gated fusion
module, after which a regression layer outputs a normalized information-density score. This
framework provides a quantifiable tool for locating high-value information in retrieval systems,
analyzing the features of misinformation, and assessing the quality of knowledge-base content.

2. Theoretical Framework for Quantifying Information Density in Chinese Text

2.1. Textual Feature Representation and Information Quantification

The division of linguistic components from a linguistic perspective offers the theoretical basis for
modeling textual features. Traditional linguistics identifies three fundamental elements of language
— phonology, lexicon, and grammar. When focusing solely on written text, the lexical and
grammatical layers are generally considered the primary constituents. Accordingly, the present study
seeks to capture the full range of lexical and grammatical features by constructing a dual-channel
semantic—statistical fusion model.

For quantifying textual information, natural language can be treated as a stochastic process, allowing
the entropy of each character to be computed. Using this approach, Feng Zhiwei calculated the
average information entropy of Chinese as 9.65 bits [7]. Although this method measures textual
entropy scientifically from the standpoint of character encoding, it shows limitations when the
research turns to communicative activities or content-specific analysis: measuring a symbol’s
information solely by its unpredictability within the entire text neglects semantic complexity.

Therefore, this study introduces the concept of information density and builds an information-density
evaluation model via a dual-channel semantic—statistical fusion. For a given passage, the amount of
information contained per text unit is determined by the cognitive load incurred per unit time while
humans process that information. Rather than relying on a fixed, predefined mathematical formula to
compute information density directly, the proposed model employs machine learning to capture
semantic and statistical features within texts of varying information densities. Once training is
complete, the model’s learned weights can accurately reflect how different features contribute to
overall textual density[8].

2.2. Semantic Representation Methods

In the field of natural language processing, numerous approaches have been developed to quantify
and represent textual semantics.

Traditional semantic processing relies on rule-based or statistical models. Miller’s WordNet, for
example, is a dictionary-based semantic network that expresses word meanings through synonym sets
and semantic relations [9]. Latent Semantic Analysis (LSA) extracts latent semantic dimensions by
performing matrix decomposition on a word-document co-occurrence matrix [10]. These classic
methods struggle with polysemy, depend heavily on hand-crafted features, and exhibit limited
generalization capability.

With advances in machine learning, new representation techniques have emerged. Word2Vec
introduced the Skip-gram and CBOW models, encoding semantics as dense vectors [11]. Subsequent
work refined word-vector quality by analyzing ratios of word co-occurrence probabilities, thereby
capturing both semantic and syntactic relationships more effectively [12].

The attention mechanism of the Transformer architecture overcame the bottleneck of earlier methods
that could not capture long-range dependencies. ELMo (Embeddings from Language Models)
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leverages attention by employing a bidirectional language model (biLM) to capture both the
semantics of words and the contextual polysemy simultaneously [13]. BERT (Bidirectional Encoder
Representations from Transformers) further advances the field through large-scale unsupervised pre-
training to learn universal semantic representations, which are later fine-tuned for downstream tasks
[14]. BERT unifies the NLP task framework and markedly enhances few-shot learning performance;
therefore, this study adopts BERT to extract semantic information from Chinese texts.

2.3. Statistical Feature Representation Methods

For representing statistical features of text, prior work covers multiple aspects such as word-
occurrence frequency, part-of-speech information, and dependency relations. The present study
adopts mature techniques from existing research to extract these statistical features.

TF-IDF (Term Frequency—Inverse Document Frequency) is a classic statistical approach in
information retrieval and text mining for measuring a word’s importance within a document
collection. Term Frequency (TF) assumes that the more often a word appears in a document, the more
important it is to that document. Inverse Document Frequency (IDF) discounts words that appear
broadly across the corpus, as their discriminative power is lower and their importance should
therefore be reduced [15, 16].

For part-of-speech features, POS tagging accurately reflects the grammatical roles of words within
the overall text. Large annotated treebanks enable robust statistical models of syntax; notably, the
1989 Penn Treebank standardized both the tag set and the annotation guidelines for POS labeling [17,
18].

Dependency relations describe syntactic links among words in a sentence, such as subject-predicate
or verb-object relations. Existing work has established a cross-lingual unified set of dependency
labels [19]. Deep-learning-based dependency parsers — e.g., Baidu’s open-source DDParser — can
accurately annotate dependency relations in Chinese text [20].

3. Model Architecture Design

This study proposes a hybrid neural-network architecture for evaluating the information density of
Chinese text. The core design principle is to combine deep semantic understanding with linguistic
features, thereby comprehensively capturing the multidimensional textual characteristics that
influence information density (see Figurel).
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The goal of this stage is to convert the raw input text into vector representations that are rich in
contextual semantic features. Firstly, the input batch of text is processed through tokenization. The
tokenizer used is the one that comes with the pre-trained BERT model. It divides the text into tokens
and transforms them into a sequence of word embedding vectors that the model can accept.

Subsequently, the processed inputs are sent into the BERT model. The BERT model generates a
context-related hidden state for each token in the sequence through its multi-layer self-attention
mechanism. The output Hpr Of BERT is a three-dimensional tensor, with dimensions defined by

the parameters during training as ( batch_size, sequence_length, dbert_nidden) ), Where ( doert_nidden ) IS
the hidden layer dimension of the BERT model.



To further capture and integrate the sequential dependencies and longer-range context of a sequence,
the model introduces a Bidirectional Long Short-Term Memory (BiLSTM) layer based on this
foundation. The BiLSTM consists of a forward LSTM and a backward LSTM, allowing it to process
sequence information simultaneously from both directions. The H__.. sequence is fed into the

BiLSTM layer, and the output of the BILSTM, H=™ , can be represented as h=™ =[h,h ], where
h.and h, are the hidden states of the forward and backward LSTMs at time step t , respectively.

To obtain a fixed-length semantic feature vector that can appropriately represent the entire input text,
the model employs Mean Pooling. Mean Pooling averages all hidden state vectors along the sequence

dimension. This operation is performed along the sequence length dimension, denoted as
( sequence_length ) (dim=1), and the formula can be expressed as:

1 sequence_length
hLSTM
t

V .=
semantic sequence_length t=1

Through the aforementioned stages, the model is able to gradually extract and abstract high-level
semantic representations from the original text, providing crucial semantic dimension input for
accurately assessing the information density of the text.

3.2. Statistical Feature Extraction

The goal of this stage is to extract multi-dimensional statistical features from the original input text
and integrate them into a comprehensive statistical feature vector. These features aim to capture the
statistical characteristics of the text at different granularities, mainly including TF-IDF features, part-
of-speech (POS) features, and dependency (DEP) features.

3.2.1. TF-IDF Features

TF-1DF features are used to evaluate the importance of terms for a single text and the entire corpus.
The model implements this using the TF-IDF vectorizer from sklearn. The term frequency (TF) is
calculated as follows:

tf(t;,d) = ft;a

f, o is the number of times the term t; appears in the document d .

The calculation method for Inverse Document Frequency (IDF) is as follows:
Np +1
g——————+1
df(t;,D) + 1
Here, N, is the total number of documents in the training corpus D, and df,,p) is the number of
documents in the training corpus D that contain the term ¢ .

idf(¢,D) =1lo

Thus, for the term ¢ in document g, its TF-IDF value is the product of the term's TF value and its
IDF value:

tfidf(t;,d, D) = tf(t;,d) x idf (t;, D)
For a given document 4, the unnormalized TF-IDF vector v _(d) is composed of each term from a
vocabulary of size M :
Viriap(d) = [tfidf (ty,d, D), tfidf (tz,d, D), ..., tfidf (ty,d,D)]

The TF-IDF vectorizer from sklearn by default normalizes the TF-IDF vector for each document
using L2 norm. The resulting TF-IDF feature vector v, (d) for a given document g is:
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Viriar(d)
Veriar(d) = —”véfidf(d)uz

3.2.2. Part-of-Speech (POS) Features

Let Count(tag;.d) be the number of times the part-of-speech tag tag; appears in the text d, and let
N.os(d) be the total number of words used for part-of-speech statistics in the text d. Then, the I -th

element (v,..); of the part-of-speech feature vector Vv,..(d) is calculated as follows:

B Count(tagj, d)
(vaS)j - Nwords (d)

P is the total number of pre-defined part-of-speech categories, and the complete feature vector
Vpos(d) is expressed as follows:

R Nwords(d) >0

Count(tag,,d) Count(tag,,d) Count(tagp,d)
Nworas(d) " Nyoras(d) " Nyoras(d)
3.2.3. Dependency Relation (DEP) Features
Let Count(rel,d) be the number of times the dependency relation label rel, appears in the

vpos(d) =

dependency parsing results of the text d. Let N..i(d) be the total number of relations used for

dependency relation statistics in the text d.Then, the k -th element of the dependency feature vector
Ve (d), 1S calculated as follows:

( ) Count(rel,, d)
v =
aep k Nrelations (d)

Q is the total number of pre-defined dependency relation categories, and the complete dependency
feature vector vy, (4) can be expressed as:

'Nrelations (d) >0

Count(rely,d) Count(rel,,d)  Count(rely,d)
Nrelations (d) ’ Nrelations (d) S Nrelations (d)
3.2.4. Concatenation of Statistical Features

Vdep d) =

Finally, the extracted TF-IDF feature vector, part-of-speech distribution feature vector, and
dependency relation feature vector are concatenated along the feature dimension to form the final
combined statistical feature vector v,

statistical *
Vstatistical = Concat(vtfidf' Upos» vdep)

3.3. Fusion of Features and Regression Layer Score Prediction
After extracting the semantic features V... and statistical features V... Separately, the model

needs to effectively combine these two types of features and ultimately map them to the information
density score. This process is completed by the fusion gating layer and the regression layer.

3.3.1. Concatenation of Feature Vectors and Fusion Gating Layer
First, the semantic feature vectors V... and statistical feature vectors Viuua in the batch are

concatenated along the feature dimension (dim=1) to form the input of the fusion layer, denoted as
v

fused _input «
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Vfused_input = Concat(Vsemantic: Vstatistical)

The main purpose of the fusion gating layer is to learn an effective and nonlinear way to combine
semantic features and statistical features. The fusion gate allows the model to automatically learn
these interactions and weights through one or more layers of neurons.

The input to the fusion layer first passes through a fully connected linear layer, projecting it into a
lower-dimensional space and learning a weighted combination of features. Here, W;ate is the weight

matrix of the linear layer, by,.is the bias vector, and the final output is given by H

linear *

Hlinear = Vfused_inputhTate + bgate
Subsequently, the model introduces non-linearity through a ReL.U activation function, enabling the
model to learn more complex feature relationships.The definition of the ReLU function is
ReLU(x) =max(0,x) , applied element-wise t0 Hyex .

Hyen = Rel U(Hlinear)

To prevent the model from overfitting during the training process, the output after the ReLU
activation is passed through a Dropout layer. During the training phase, Dropout randomly sets the
output of neurons to zero with a probability specified by a parameter.

Hgate_out = Dropout(Hrelu)
3.3.2. Regression Layer
The feature representation w_ . obtained from the fused gated layer is finally sent to the regression

layer. The regression layer is a fully connected linear layer designed to map the fused high-
dimensional feature representation to a single continuous scalar value. Here,w, is the weight matrix

of the regression layer, p_ is the bias term, and the final output score is denoted as S.

S = Hgate_outVVr];g + breg

In this way, the model first combines features from different sources, then refines and transforms
these combined features through a learnable gating mechanism, and finally utilizes a linear
transformation to output a quantitative assessment of information density. The entire process can be
end-to-end trained using the backpropagation algorithm and gradient descent to adjust the model's
weights.

4. Experiments and Evaluation

4.1. Dataset Construction

A multidimensional scheme—covering lexical richness and specificity, conciseness of expression,
and structural compactness—was devised to guide the manual annotation of information density. A
five-point Likert scale (1-5) was adopted as the scoring standard, with clear verbal descriptions and
at least three prototypical text examples provided for each level.

A total of 220 Chinese passages were sampled from books and corpora spanning diverse domains,
including Classical Chinese prose, everyday dialogue, and specialist materials from multiple fields.
After preliminary cleaning (removing malformed, overly short, or excessively long texts), three
native-Chinese annotators with at least a bachelor’s degree were recruited. All annotators underwent
unified training to ensure a consistent understanding of the scoring criteria.

Prior to formal annotation, a pilot round was conducted. Inter-annotator agreement, measured by
Krippendorff’s Alpha (o), reached 0.77, indicating good consistency and validating the rubric as well
as the annotators’ shared conception of information density.
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During the main annotation phase, the mean of the three annotators’ scores served as each passage’s
initial information-density rating. Samples with a standard deviation greater than 1.5 were flagged
for adjudication, in which a researcher reviewed the text and rendered a final decision.

The aggregated scores were linearly transformed to the (0, 1) interval and used as target values for
model training. After filtering, the final dataset comprised 210 annotated passages, randomly
partitioned into 110 for training, 50 for validation, and 50 for testing.

4.2. Training and Evaluation
The proposed model was trained on the annotated training set described above.

Model configuration: The hidden size of the BIiLSTM layer was set to 256. The initial maximum
dimensionality of the TF-IDF feature vector was 500 and was dynamically updated during adaptation.
The dropout rate of the fusion-gating layer was 0.1.

Training details: All experiments were conducted in a Python 3.9 environment using the PyTorch
framework. The optimizer was AdamW, and the loss function was mean squared error loss

(MSELoss). The initial learning rate was 1 x 107%; the batch size was 8, and the model was trained
for 60 epochs on an NVIDIA Tesla P40 GPU.

Validation and model selection: After every epoch, the model was evaluated on the validation set; the
checkpoint with the lowest validation loss was retained as the final model. Performance was then
assessed on the held-out test set of 50 passages that were never seen during training.

Evaluation metrics: Standard regression metrics were used: root-mean-square error (RMSE), mean
absolute error (MAE), and the coefficient of determination (R Mean squared error (MSE) measures
the average squared difference between predicted and true values; lower values indicate higher
predictive accuracy. RMSE is the square root of MSE and is more sensitive to large errors.

n
1
RMSE = VMSE = Ez(yi —9,)?
i=1

The Mean Absolute Error (MAE) calculates the average of the absolute differences between predicted
values and true values. Unlike Mean Squared Error (MSE) and Root Mean Squared Error (RMSE),
MAE gives the same weight to all sizes of errors and is therefore insensitive to outliers. A smaller
MAE value indicates higher prediction accuracy of the model.

n
1
MAE:—z — 7
" 1Iyl Vil
=

R=epresents the degree to which a model explains the variability of the dependent variable. Its values
typically range from 0 to 1. The closer R3s to 1, the better the model fits the data. An R=f 0 indicates
that the model performs as poorly as predicting by the mean. R=can also be negative, meaning that
the model's predictions are worse than simply using the mean.
G - w?

2is (i — )2
The performance metrics of the model on the test set are evaluated as shown in Table 1.

RZ =1
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Table 1. Model Performance Metrics Evaluation Scores

Performance metrics Numerical value
RMSE 0.1020
MAE 0.0850
R? 0.7986

The comparison between the model's predicted values and the actual values is shown in Figure 2. It
can be seen that the predicted values fluctuate around the actual values, but the overall upward trend
aligns with the rising trend of the actual values.
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Figure 2. Scatter plot of actual values - Line chart of predicted values

4.3. Comparative Experiments

To more comprehensively evaluate the effectiveness of the model proposed in this study for the task
of assessing Chinese information density, and to highlight its ability to learn complex text features,
the performance of this model was compared with a series of baseline models with different design
approaches.

The following baseline models were employed for comparison with the proposed model:

a. Random Baseline: This baseline model randomly assigns a predicted score uniformly distributed
in the range (0,1) to each text sample in the test set. This baseline aims to provide a performance
lower bound.

b. Mean Baseline: This baseline model predicts the average information density score from the
training set for all test samples. This baseline represents the simplest prediction strategy based on the
distribution of historical data.

c. Statistical Feature Regression: This baseline model utilizes all the statistical features employed in
this study and trains a linear regression model on the same training set with the same parameters. This
baseline represents a strategy for scoring the information density of Chinese texts based solely on
statistical features.

d. TF-IDF Feature Regression: This baseline model uses the TF-IDF vectorizer utilized in this study
to transform the text data and trains a linear regression model on the same training set using these
features. This baseline represents a strategy for scoring the information density of Chinese texts based
solely on TF-IDF features.

e. Lexical Entropy Normalized Score: The calculation method of this baseline model is derived from
the definition of entropy in information theory, reflecting the uncertainty of vocabulary in the
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vocabulary sequence in a statistical sense. First, use jieba to perform word segmentation on the
vocabulary list w to obtain the total number of words M after word segmentation. N is the
number of different vocabularies in M, w, is the i-th different vocabulary, p(w) is the probability

of vocabulary w, appearing in w , and based on this, the information density score D is obtained.

— 2 p(wy) logy p (W)
M

Subsequently, the distribution standard of the scores was determined by calculating the information
density scores of the training set data, which was then used for normalization. This baseline represents
a strategy for scoring information density based on the information entropy at the vocabulary level of
the text.

f. BERTScore Model: BERTScore is a text generation evaluation metric based on the BERT model,
which assesses similarity between the target text and the reference text in the BERT embedding space.
[21] This baseline model employs the BERTScore method for evaluation and represents a strategy
for scoring information density based on the semantic features extracted by BERT.

D=

The performance of each baseline model and the main model on the test set is summarized in Table
2.

Table 2. Evaluation scores of each model on the test set

Model RMSE MAE R?
Random Baseline 0.2775 0.2062 -0.4892
Mean Baseline 0.2274 0.2056 0.0000
Statistical Feature Regression 0.1886 0.1758 0.3121
TF-1DF Feature Regression 0.2187 0.1943 0.0751
Lexical Entropy Normalized Score 0.3513 0.3098 -1.3874
BertScore Model 0.1313 0.1120 0.6623
Main Model 0.1020 0.0850 0.7986
IMP* 22.31% 24.11% 20.58%

*IMP represents the performance improvement of the main model relative to the second-best model.

Firstly, the performances of the random baseline and mean baseline were unsatisfactory, as their
RMSE and MAE values were higher than those of all other models, except for the vocabulary entropy
normalization score. The random baseline had a negative R=2while the mean baseline was 0. Notably,
the performance of the vocabulary entropy normalization score was even lower than that of the
random baseline, which can be attributed to its contrary predictions for almost all classical Chinese
corpus scores: due to the characteristic of single characters as words and the high frequency of
commonly used function words, the tokenization may result in a relatively low variety of tokens and
some tokens having extremely high frequencies, leading to lower statistical entropy values [22].

Next, TF-IDF feature regression, statistical feature regression, and the BERTScore model exhibited
gradual performance improvements compared to the mean baseline. The BERTScore model, capable
of capturing deep semantic information in the text, displayed superior performance among the models,
aside from the main model, indicating that a significant part of the information density of Chinese
texts is reflected in the semantic dimension.

Although these models captured certain aspects of text features, they were unable to fully model the
complexity of information density, which is a multidimensional and deep composite concept. The
model proposed in this study significantly outperformed all baseline models across all evaluation
metrics. Specifically, the RMSE of this model was reduced by 22.31% compared to the BertScore
model, which had the next best performance, the MAE decreased by 24.11%, and R=improved by
20.58%. This remarkable advantage thoroughly validates the effectiveness of the proposed model
architecture.
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4.4. Ablation Experiments

To verify the effectiveness of key layers in this model, a series of ablation experiments were
conducted on the test set. The experimental setup was consistent with that of the main model, and
performance changes were evaluated on the test set by removing or replacing certain components of
the model while training with the same parameters. The following variants were specifically
compared: (1) removing the BILSTM layer and directly pooling the BERT output; (2) using only the
semantic feature channel; (3) using only the statistical feature channel; (4) simply concatenating the
semantic and statistical features before directly inputting them into the regression layer without using
a fusion gating mechanism.

Table 3. Evaluation scores of ablation models on the test set.

Model RMSE MAE R?
Remove BILSTM layer 0.1102 0.0910 0.7653
Semantic feature channel only 0.1247 0.1038 0.6995
Statistical feature channel only 0.1752 0.1603 0.4210
No fusion gating 0.1162 0.0968 0.7481
Main model 0.1020 0.0850 0.7986

As shown in Table 3, the results indicate that the combination of the semantic channel and statistical
channel, along with the use of BiLSTM and fusion gating, all contribute positively to the model's
performance, corroborating the rationality of the design of various layers in the model.

5. Conclusion and Reflection

Effective assessment of text information density is significant for various applications, such as quality
evaluation of texts and locating high-density information in information retrieval systems. However,
the subjectivity of its definition and the lack of measurement standards pose core challenges. This
study first operationally defined information density by elucidating the multidimensional
characteristics of information and established a detailed manual annotation guideline based on this
foundation. Through a standardized annotation process, a small sample dataset of manually annotated
Chinese information density was constructed. Based on this, a dual-channel fusion architecture model
was designed and implemented to capture key features affecting information density from both
semantic and statistical perspectives. A fusion gating layer effectively combines these two types of
heterogeneous information, which is then output by the regression layer as a normalized information
density prediction score in the range of (0,1).

This study explored the quantification and assessment of Chinese text information density, providing
a feasible option, though there is still room for further optimization. Firstly, while training on a small
sample allowed the model to possess a certain level of evaluation and generalization capability,
constructing a larger and more diverse annotated dataset is necessary to improve model accuracy.
Additionally, exploring methods such as active learning and semi-supervised learning could help
reduce annotation costs and enhance model generalization ability. Secondly, the practical utility of
this model in specific application scenarios, such as retrieval ranking optimization, early
identification of misinformation, and difficulty classification of educational resources, requires
further validation and deepening.
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