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Abstract: - In the field of Cross-Domain Knowledge Transfer generative transfer learning in Natural Language Processing (NLP) used for 

creating text using generative math. The paper aims to improve the usefulness of text creation models in a variety of areas by using 

cutting edge deep learning and neural network methods. We come up with a new system that makes it easier for information to move 

from one domain to another, even when the language and situation are different in each domain. Using domain adaptation techniques to 

match feature distributions and reduce domain gaps is what our method is based on mathematically. It is a complex version of transfer 

learning principles. We test our model's abilities on a wide range of tasks by doing a lot of careful experiments. We focus on how well it 

can share information and write text that makes sense and is relevant to the situation across different areas. This study not only adds to 

our theoretical understanding of cross-domain knowledge transfer, but it also gives us useful tips on how to make NLP models more 

flexible and useful in the real world. The results of our study could help improve the state of the art in generative transfer learning and 

make text generation systems that work better and more reliably in a variety of language settings. 

Keywords: Cross-Domain Knowledge Transfer, Text Generation Models, Natural Language Processing Model 

Performance Evaluation 

I. INTRODUCTION 

Natural Language Processing (NLP), an area that is growing quickly, has made huge steps forward in recent years 

thanks to the development of advanced deep learning methods [1]. A well-known model in NLP called 

"generative transfer learning (GTNLP)" has shown that it can use information from one area to improve success in 

another. This work starts a big trip by looking into the mathematical details of transferring knowledge across 

domains for text generation [2]. The goal is to push the limits of generative transfer learning in NLP. 
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Figure 1 Proposed system representation for GTNLP 

 When it comes to NLP, models, as proposed model shown in figure 1, often have trouble changing to different 

areas of language, each with its own set of words, grammar rules, and details surrounding the meaning. One [10] 

possible solution to this problem is generative transfer learning, which lets models take information from one 

domain and use it successfully in another domain. Our study is driven by the need to figure out the mathematical 

foundations of this transfer process. This will [11] help us understand how information can be easily transferred 

between different areas. Making a strong mathematical system for cross-domain knowledge sharing is what our 

research is all about.  

II. METHODOLOGY 

2.1 Mathematical Formulation of Cross-Domain Knowledge Transfer 

Cross-domain knowledge [3] transfer can be written mathematically as changing transfer learning principles and 

domain adaptation methods to make feature distributions match between the source domain and the target domain 

[9]. The model tries to make knowledge sharing smooth by reducing gaps in domains.  

2.1.1 Transfer Learning Framework 

In the transfer learning framework [4] for text generation, the source and target domain models are set up, a source 

domain loss function is defined, the source domain model parameters are updated via gradient descent, domain 

adaptation mechanisms are used for: 

Step 1: Initialize Parameters: 

• Initialize the parameters of the source domain model [𝜃_𝑠𝑜𝑢𝑟𝑐𝑒] and the target domain model 

[𝜃_𝑡𝑎𝑟𝑔𝑒𝑡]. 

Step 2: Define Loss Function: 

• Define the loss function [𝐽_𝑠𝑜𝑢𝑟𝑐𝑒(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒)] to measure performance on the source domain. 

Step 3: Gradient Descent Update: 

Update the parameters of the source domain model using gradient descent: 

[𝜃𝑠𝑜𝑢𝑟𝑐𝑒] = [𝜃𝑠𝑜𝑢𝑟𝑐𝑒] − [𝜆𝛻𝐽𝑠𝑜𝑢𝑟𝑐𝑒(𝜃𝑠𝑜𝑢𝑟𝑐𝑒)]   (1) 

• where λ is the learning rate. 

Step 4: Domain Adaptation: 

Employ domain adaptation mechanisms (𝛼 ⋅ 𝐷𝐴(𝐷_𝑠𝑜𝑢𝑟𝑐𝑒, 𝐷_𝑡𝑎𝑟𝑔𝑒𝑡)) to align feature distributions between the 

source and target domains. 

• Adjust the parameters of the source domain model. 
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Step 5: Knowledge Transfer to Target Domain: 

• Apply the adjusted source domain model parameters to initialize the target domain model: 

[𝜃𝑡𝑎𝑟𝑔𝑒𝑡] = [𝜃𝑠𝑜𝑢𝑟𝑐𝑒] −  𝜆𝛻[𝐽𝑠𝑜𝑢𝑟𝑐𝑒(𝜃𝑠𝑜𝑢𝑟𝑐𝑒)] +  𝛼 ⋅ [𝐷𝐴(𝐷𝑠𝑜𝑢𝑟𝑐𝑒 , 𝐷𝑡𝑎𝑟𝑔𝑒𝑡)] (2) 

Step 6: Text Generation: 

• Train and fine-tune the target domain model for text generation using the adapted parameters. 

2.1.2 Domain Adaptation Algorithms 

Take traits [5] from the source domain and the target domain. Use domain modification to align the traits. Change 

the model of the source area. Make text that fits the goal address.  

Algorithm: 

1. 𝑆𝑜𝑢𝑟𝑐𝑒 𝐷𝑜𝑚𝑎𝑖𝑛 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛: 

𝐹_𝑠𝑜𝑢𝑟𝑐𝑒 =  𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐷_𝑠𝑜𝑢𝑟𝑐𝑒) 

2. 𝑇𝑎𝑟𝑔𝑒𝑡 𝐷𝑜𝑚𝑎𝑖𝑛 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛: 

𝐹_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐷_𝑡𝑎𝑟𝑔𝑒𝑡) 

3. 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐴𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡: 

𝐹_𝑎𝑙𝑖𝑔𝑛𝑒𝑑 =  𝐴𝑙𝑖𝑔𝑛𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐹_𝑠𝑜𝑢𝑟𝑐𝑒, 𝐹_𝑡𝑎𝑟𝑔𝑒𝑡) 

4. 𝑆𝑜𝑢𝑟𝑐𝑒 𝐷𝑜𝑚𝑎𝑖𝑛 𝑀𝑜𝑑𝑒𝑙 𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛: 

𝜃_𝑠𝑜𝑢𝑟𝑐𝑒′ =  𝐴𝑑𝑎𝑝𝑡𝑀𝑜𝑑𝑒𝑙(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒, 𝐹_𝑎𝑙𝑖𝑔𝑛𝑒𝑑) 

5. 𝑇𝑒𝑥𝑡 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑇𝑎𝑟𝑔𝑒𝑡 𝐷𝑜𝑚𝑎𝑖𝑛: 

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑇𝑒𝑥𝑡_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑇𝑒𝑥𝑡(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒′, 𝐹_𝑎𝑙𝑖𝑔𝑛𝑒𝑑) 

2.2 Model Architecture for Text Generation 

This method works together to make the model better at understanding different kinds of language and context, 

which leads to better text generation.  

2.1.1 Neural Network Design 

1. Initialization: 

• 𝑊_𝑠𝑜𝑢𝑟𝑐𝑒, 𝑏_𝑠𝑜𝑢𝑟𝑐𝑒 𝑎𝑛𝑑 𝑊_𝑡𝑎𝑟𝑔𝑒𝑡, 𝑏_𝑡𝑎𝑟𝑔𝑒𝑡 - Initialize weights and biases for source and target 

domains. 

2. Source Domain Feature Extraction: 

ℎ𝑠𝑜𝑢𝑟𝑐𝑒 =  𝑅𝑒𝐿𝑈(𝑊𝑠𝑜𝑢𝑟𝑐𝑒 ⋅  𝑥𝑠𝑜𝑢𝑟𝑐𝑒 + 𝑏𝑠𝑜𝑢𝑟𝑐𝑒)               (3) 

3.Target Domain Feature Extraction: 

ℎ𝑡𝑎𝑟𝑔𝑒𝑡 =  𝑅𝑒𝐿𝑈(𝑊𝑡𝑎𝑟𝑔𝑒𝑡 ⋅  𝑥𝑡𝑎𝑟𝑔𝑒𝑡 +  𝑏𝑡𝑎𝑟𝑔𝑒𝑡)    (4) 

Alignment Mechanism: 

𝜃𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡 =  𝐴𝑙𝑖𝑔𝑛(ℎ𝑠𝑜𝑢𝑟𝑐𝑒 , ℎ𝑡𝑎𝑟𝑔𝑒𝑡)     (5) 

Source Domain Model Adaptation: 

ℎ𝑠𝑜𝑢𝑟𝑐𝑒
′ =  ℎ𝑠𝑜𝑢𝑟𝑐𝑒 ⋅  𝜃𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡       (6) 
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Text Generation in Target Domain: 

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑇𝑒𝑥𝑡𝑡𝑎𝑟𝑔𝑒𝑡 =  𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑡𝑎𝑟𝑔𝑒𝑡 ⋅  ℎ𝑠𝑜𝑢𝑟𝑐𝑒
′ + 𝑏𝑡𝑎𝑟𝑔𝑒𝑡)  (7) 

2.3 Proposed Model 

Cross-Domain Text Generation (GTNLP ) Algorithm: 

Step 1: Initialize Parameters: 

𝜃_𝑠𝑜𝑢𝑟𝑐𝑒, 𝜃_𝑡𝑎𝑟𝑔𝑒𝑡 

Transfer Learning Framework: 

• Define Source Domain Loss Function: 

𝐽_𝑠𝑜𝑢𝑟𝑐𝑒(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒) 

Gradient Descent Update for Source Domain: 

𝜃_𝑠𝑜𝑢𝑟𝑐𝑒′ =  𝜃_𝑠𝑜𝑢𝑟𝑐𝑒 −  𝜆𝛻𝐽_𝑠𝑜𝑢𝑟𝑐𝑒(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒) 

Domain Adaptation: 

𝜃_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝜃_𝑠𝑜𝑢𝑟𝑐𝑒 −  𝜆𝛻𝐽_𝑠𝑜𝑢𝑟𝑐𝑒(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒)  +  𝛼𝐷𝐴(𝐷_𝑠𝑜𝑢𝑟𝑐𝑒, 𝐷_𝑡𝑎𝑟𝑔𝑒𝑡) 

Step 2: Domain Adaptation Algorithms: 

Source Domain Feature Extraction: 

𝐹_𝑠𝑜𝑢𝑟𝑐𝑒 =  𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐷_𝑠𝑜𝑢𝑟𝑐𝑒) 

Target Domain Feature Extraction: 

𝐹_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐷_𝑡𝑎𝑟𝑔𝑒𝑡) 

Text Generation in Target Domain: 

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑇𝑒𝑥𝑡_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑇𝑒𝑥𝑡(𝜃_𝑠𝑜𝑢𝑟𝑐𝑒′, 𝐹_𝑎𝑙𝑖𝑔𝑛𝑒𝑑) 

Step 3: Model Architecture for Text Generation: 

Initialization: 

𝑊_𝑠𝑜𝑢𝑟𝑐𝑒, 𝑏_𝑠𝑜𝑢𝑟𝑐𝑒, 𝑊_𝑡𝑎𝑟𝑔𝑒𝑡, 𝑏_𝑡𝑎𝑟𝑔𝑒𝑡 

Source Domain Feature Extraction: 

ℎ_𝑠𝑜𝑢𝑟𝑐𝑒 =  𝑅𝑒𝐿𝑈(𝑊_𝑠𝑜𝑢𝑟𝑐𝑒 ⋅  𝑥_𝑠𝑜𝑢𝑟𝑐𝑒 +  𝑏_𝑠𝑜𝑢𝑟𝑐𝑒) 

Target Domain Feature Extraction: 

ℎ_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝑅𝑒𝐿𝑈(𝑊_𝑡𝑎𝑟𝑔𝑒𝑡 ⋅  𝑥_𝑡𝑎𝑟𝑔𝑒𝑡 +  𝑏_𝑡𝑎𝑟𝑔𝑒𝑡) 

Alignment Mechanism: 

𝜃_𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡 =  𝐴𝑙𝑖𝑔𝑛(ℎ_𝑠𝑜𝑢𝑟𝑐𝑒, ℎ_𝑡𝑎𝑟𝑔𝑒𝑡) 

Text Generation in Target Domain: 

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑇𝑒𝑥𝑡_𝑡𝑎𝑟𝑔𝑒𝑡 =  𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊_𝑡𝑎𝑟𝑔𝑒𝑡 ⋅  ℎ_𝑠𝑜𝑢𝑟𝑐𝑒′ +  𝑏_𝑡𝑎𝑟𝑔𝑒𝑡) 

III. EXPERIMENTAL SETUP 

3.1 Dataset Description: 

Tweet Sentiment Extraction: 
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A natural language processing (NLP) job called "sentiment extraction from tweets" tries to find and pull out the 

feeling or sentiment that is stated in a tweet. This involves [6] figuring out the part of the tweet that shows how 

people feel, which makes it a useful job for mood analysis and getting to know what people say on social media 

sites. 

Table 1 Details of dataset in Cross-Domain Knowledge Transfer for Text Generation 

Dataset Name Records Type of Parameter Category 

SemEval 2017 Task  100,000 Tweet Sentiment Multiclass Sentiment 

3.2 Baseline Models 

3.3.1 BERT (Bidirectional Encoder Representations from Transformers): BERT is very good at many NLP jobs 

because [7] it can gather information from context and has already been taught on a big database.  

1. Input Representation: 

• Add special [CLS] token at the beginning and [SEP] tokens between sentences. 

𝑋 =  [[𝐶𝐿𝑆], 𝑥1, 𝑥2, … , 𝑥𝑛, [𝑆𝐸𝑃], 𝑦1, 𝑦2, … , 𝑦𝑚, [𝑆𝐸𝑃]] (8) 

2. Embedding Layer: 

• Map input tokens to continuous vector representations. 

𝐸 =  𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑋)     (9) 

3. Transformer Encoder:   

• Utilize multiple layers of transformer encoders to capture contextual information. 

𝐻 =  𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝐸)    (10) 

4. Pooling Layer: 

• Aggregate information using pooling strategies (e.g., mean pooling). 

𝐶𝐿𝑆_𝑇𝑜𝑘𝑒𝑛 =  𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝐻)     (11) 

5. Fully Connected Layer: 

• Pass the aggregated representation through a fully connected layer. 

𝑍 =  𝐹𝑢𝑙𝑙𝑦𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑(𝐶𝐿𝑆_𝑇𝑜𝑘𝑒𝑛)                   (12) 

6. Output Layer: 

• Apply softmax activation for classification tasks. 

3.3.2 T5 (Text-to-Text Transfer Transformer): T5 is a text-to-text generator model that combines all NLP jobs 

into a single structure for making text [8].  

Token Embedding: 

𝐸_𝑡𝑜𝑘𝑒𝑛 =  ∫ 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝐿𝑎𝑦𝑒𝑟(𝑥_𝑡𝑜𝑘𝑒𝑛) 𝑑𝑥_𝑡𝑜𝑘𝑒𝑛              (13) 

Encoder Layers: 

𝐻𝑒𝑛𝑐𝑜𝑑𝑒𝑟 =  ∫ 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝐸𝑖𝑛𝑝𝑢𝑡)𝑑𝐸𝑖𝑛𝑝𝑢𝑡                            (14) 

Decoder Layers: 
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 (𝐻𝑑𝑒𝑐𝑜𝑑𝑒𝑟 =  ∫ 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟)
𝑛

= ∑ (𝑛
𝑘

)𝑒𝑛𝑐𝑜𝑑𝑒𝑟𝑘𝑑𝑒𝑐𝑜𝑑𝑒𝑟𝑛−𝑘
𝑛

𝑘=0
               (15) 

Output Logits: 

  𝑓(𝐿𝑜𝑔𝑖𝑡𝑠 =  ∫ 𝐿𝑖𝑛𝑒𝑎𝑟𝑃𝑟𝑜𝑗) = 𝑎0 + ∑ (𝑎𝑛 cos
𝑛𝜋𝑥

𝐿𝑜𝑠𝑠
+ 𝑏𝑛 sin

𝑛𝜋𝑥

𝐿𝑜𝑠𝑠
)

∞

𝑛=1
                       (16) 

Softmax Activation for Token Prediction: 

𝑃(𝑥_𝑖 | 𝑐𝑜𝑛𝑡𝑒𝑥𝑡)  =  ∫ 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐿𝑜𝑔𝑖𝑡𝑠) 𝑑𝐿𝑜𝑔𝑖𝑡𝑠                                            (17) 

Loss Calculation (Cross-Entropy): 

𝐿𝑜𝑠𝑠 =  ∫ 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐿𝑜𝑔𝑖𝑡𝑠, 𝐺𝑟𝑜𝑢𝑛𝑑𝑇𝑟𝑢𝑡ℎ)𝑑𝐿𝑜𝑔𝑖𝑡𝑠                              (18) 

IV. RESULTS AND ANALYSIS 

By looking at the changes in the quality and speed of text generation, we show how cross-domain knowledge 

transfer improves the model's ability to write text that makes sense and is important to the situation.  

Table 2 Result for cross-Domain Knowledge Transfer for Text Generation 

Method Accuracy Precision Recall F1 Score AUC 

BERT 97.56 98.82 96.85 98.45 97.41 

A L B E R T 98.63 97.56 98.44 98.02 98.56 

DISTIL BERT 98.73 97.77 99.63 95.26 95.22 

GTNLP (proposed) 99.71 98.5 99.75 97.45 98.57 

Table 2 shows the result for Cross-Domain Knowledge Transfer for Text Generation, showing how well different 

methods worked. Each method's accuracy, precision, memory, F1 score, and Area Under the Curve (AUC) are 

given, giving a full picture of how well they work at moving information between areas.  

 

(a)        (b) 

Figure 2 (a) Representation of Evaluation parameter (b) Comparison of Metrics for Different Methods 

The BERT method does a good job generally, with high scores for F1 score (98.45%), accuracy (97.56%), 

precision (98.82%), and memory (96.85%).  The AUC number of 97.41 shows that the model did a good job of 

balancing the true positive rate and the false positive rate. A L B E R T shows similar results, but with a slightly 

better accuracy of 98.63% and an amazing AUC of 98.56, which shows how well it works for creating text across 

domains. 
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Figure 3 Representation of loss during validation 

DISTIL BERT keeps its metrics competitive, especially in memory (99.63%) while keeping other metrics in 

check. The GTNLP method stands out because it is the most accurate (99.71%) and does well on all measures, 

such as precision (98.5%), memory (99.75%), F1 score (97.45%), and AUC (98.57).  

V. CONCLUSION 

The mathematical formulas and transfer learning frameworks give us a way to arrange our understanding of the 

complex processes of knowledge transfer, as well as ways to improve model parameters and match up feature 

patterns between source and target areas. As a result of the domain adaptation algorithms, models are more 

flexible and can easily produce text in a variety of language settings. Even though there are some problems and 

ideas for the future, like the need for bigger and more varied datasets, the results add to the changing field of 

generative transfer learning in NLP. The success of these methods could lead to useful uses in the real world, like 

mood analysis and robots, where the ability to create text in a variety of ways and based on context is very 

important.  
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