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Abstract: In order to improve the quality and efficiency of advertisement creative generation, an 

advertisement creative optimization and performance improvement system based on multimodal 

deep learning is designed. The system fuses three types of data, namely image, text and user 

behavior, and utilizes ResNet50 and BERT-base co-coding to achieve cross-modal feature alignment 

through a multi-layer attention fusion network, and a three-layer Transformer structure for deep 

semantic modeling. The experimental setup includes 12,00 sets of multimodal samples, the training 

batch is 128, the total number of training rounds is 200, the optimizer is AdamW, the learning rate 

is set to 1e-4, and the loss function contains the three-modal reconstruction loss and the cross-modal 

consistency loss. The system evaluates the performance of the advertisement creative through the 

multidimensional aspects of click rate prediction, sentiment consistency and image attractiveness. 

The experimental results show that the advertisement creative generation using this multimodal 

deep learning system is better than the traditional model, with a click-through rate accuracy of 0.681, 

an F1 value of 0.791, a PSNR of 28.94, and a composite score of 0.729, which is a significant 

improvement over the traditional method, demonstrating the advantages of the system in 

improving the quality of advertisement creative generation and user experience. 

Keywords: ad creative optimization; multimodal deep learning; performance evaluation; user 

behavior analysis 

 

1. Introduction 

In the current digital era, the generation and evaluation of advertising creative has become a 

core task in the marketing field. Traditional advertising creative generation methods mostly rely on 

a single data source, such as images or text, resulting in a large gap between the semantic consistency 

and visual appeal of the generated creative. With the continuous progress of deep learning 

technology, how to improve the quality and accuracy of ad creative generation through multimodal 

data fusion has become an urgent problem in the advertising industry. By integrating image, text and 

user behavior data, multimodal deep learning technology can effectively capture the intrinsic 

connection between different modalities and improve the generation effect of advertising content. In 

the performance evaluation process of advertisement creativity, how to comprehensively consider 

multi-dimensional factors such as user behavior, content quality and visual appeal is also a hot topic 

in current research. Based on this, the research is committed to designing an efficient advertisement 

creative optimization and performance enhancement system through multimodal deep learning 
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technology, with a view to promoting the further development of advertisement creative generation 

technology under the multi-level and multi-dimensional evaluation system. 

2. Overall Design of Advertisement Creative System Based on Multimodal Deep 

Learning 

The system architecture is based on the tri-modal data fusion mechanism of image, text and user 

behavior, with input dimensions of image resolution 224×224×3, maximum length of text sequence 

512, dimension of behavioral data 64, and embedding dimension up to 1024 after the overall feature 

splicing.The feature extraction module adopts the joint coding of ResNet50 and BERT-base, and 

cross-modal feature alignment is carried out by multilayer attention fusion network for cross-modal 

feature alignment1 . The system adopts a three-layer Transformer structure, the number of 

parameters is about 45M, the batch data of each round in the training phase is 128 groups, the learning 

rate is set to 1e-4, the number of training rounds is 200 using the AdamW optimizer, and the loss 

function includes the loss of the three-modal reconstruction loss and the loss of the cross-modal 

consistency, which is shown in Figure. 1 in detail. 

 

Figure 1. Overall architecture of creative optimization system based on multimodal deep learning. 

3. Multimodal Deep Learning Key Technologies 

3.1. Multimodal fusion technology 

The multimodal fusion technique in this system uses three types of data: image, text and user 

behavior, with dimensions of 224×224×3, maximum sequence length of 512 and 64-dimensional 

sparse vectors, which are uniformly mapped to a 1024-dimensional representation space after being 

processed by the feature extraction module (see Figure 2). The feature fusion stage introduces a multi-

head attention mechanism with a fusion matrix of 128×1024 dimensions, and the fusion output is 

normalized by LayerNorm and inputted into a three-layer Transformer structure to model the deep 

semantic relationships across modalities2 . To improve the consistency of the fusion representation, 

the following loss function is introduced to construct the joint optimization objective: 

aligmrectotal LLL 11  +=
 (1) 

where recL  denotes the three-modal reconstruction loss of the graphic behavior, aligmL  is the cross-

modal consistency loss, and 21,  is the balance coefficient, with empirical values of 0.6 and 0.4, 

respectively. The attentional heatmap among modalities is shown in Figure 2, and the visualization 

results show that there is a significant aggregation area of semantic pairing in the cross-modal path. 

The detailed feature mapping layer parameters and training dimension configurations are shown in 

Table 1, covering the multimodal input dimensions, the number of attentional heads and the 

positional encoding strategy. 
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Figure 2. Modal Attention Weights Heat Map with Feature Alignment Presentation. 

Table 1. Configuration table of system feature fusion module parameters. 

Module Name input Dimension 
Output 

Dimension 

Attention 

Span 

Residual 

Link 

Standardized 

Approach 

image encoder 224 × 224 x 3 512 - clogged - 

text encoder 
512 (maximum number 

of Token) 
512 - clogged - 

User Behavior Encoder 64 128 - clogged - 

Fusion layer after feature 

splicing 
512+512+128=1152 1024 8 be LayerNorm 

Cross-modal Attention 

Module 
128 x 1024 128 x 1024 8 be LayerNorm 

3.2. Deep Learning Model Design 

This system uses a three-layer stacked Transformer structure as the core modeling unit, the input 

is a 1024-dimensional fusion vector with encoding dimensions [128, 256, 512], each layer contains 8, 

8 & 16 multi-head attention channels, respectively, with an attention dimension of 64, and the 

Dropout rate is set to 0.1. Each layer of the sub-structure contains a FeedForward sub-layer, the 

internal linear projection dimension is 2048, and the activation function is chosen to be GELU. The 

internal linear projection dimension is 2048, the activation function is chosen to be GELU, and 

LayerNorm normalization is applied after residual linkage3 . The overall parameter count of the 

model is controlled within 45M, the training batch is 128, the total number of training rounds is 200, 

the initial learning rate is 1e-4, and the cosine annealing learning rate strategy is used. In order to 

enhance the coherence and constraints in the semantic generation process, the regularization 

optimization objective is introduced: 


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iireg
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 (2) 

where ih  denotes the target representation vector of the first i  sample, iz  is its corresponding model 

output vector, and N  is the total number of samples. In order to strengthen the alignment ability of 

different modal features in the attention path, auxiliary supervised signals are also added: 
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where H  is the number of attention heads, T  is the number of time steps, and jk  represents the 

normalized attention weight of the j  attention head at the k  position. The configuration of the model 

structural parameters is shown in Table 2, and the density of the attention distribution during the 

training process is shown in Figure 3, which clearly presents the trajectory of the model’s focus on 

text and image features in the generation phase.
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Table 2. Configuration table of parameters for each layer of the depth model. 

Network Level 
Input 

Dimension 

Output 

Dimension 

Attention 

Span 

Feedforward 

Layer 

Dimension 

Activation 

Function 

Standardized 

Approach 

Dropout 

Rate 

Transformer 

Layer 1 
1024 128 8 2048 GELU LayerNorm 0.1 

Transformer 

Layer 2 
128 256 8 2048 GELU LayerNorm 0.1 

Transformer 

Layer 3 
256 512 16 2048 GELU LayerNorm 0.1 

 

Figure 3. Evolution of the attention distribution during model training. 

3.3. Algorithm for evaluating advertisement creative performance 

The algorithm design of advertisement creative performance evaluation is based on the fusion 

mechanism of multi-dimensional indicators, taking into account the user behavior response 

characteristics, the semantic quality of the generated content and the matching degree of visual 

presentation4 . The system performs quantitative scoring for each generated idea, and the length of 

the evaluation feature vector is set to 96 dimensions, which is composed of the CTR estimation 

module (32 dimensions), emotion recognition sub-network (24 dimensions), and visual subjective 

attractiveness model (40 dimensions) outputs, respectively. The overall evaluation function is defined 

as follows: 

isemoctrtotal SSSS  ++= 321  (4) 

where, ctrS  denotes the click-through rate prediction score, emoS  denotes the verbal emotional 

stability score, isS  is the image attractiveness score; 2.0,3.0,5.0 321 ===   . Further to improve 

the model evaluation distribution differentiation, a cross entropy stretching term is introduced: 


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where
+
iS  is the high-quality creative score,

−
iS  is the negative sample score, and N  is the sample 

size. Figure 4 shows a comparison chart of the distribution of scores under different evaluation 

dimensions, clearly demonstrating the distribution trend of each sub-model in the assessment task. 

Details of the dimension composition and weight setting of each index are shown in Table 3. 
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Figure 4. Distribution of ad creative scores under different evaluation dimensions. 

Table 3. Structure of indicators for evaluating the performance of advertising creativity. 

Assessment 

Dimensions 

Number of 

Dimensions 
Module Source 

Meaning of the 

Indicator 
Weighting 

Hits Predictive Score 32 
CTR Predictive 

Model Output 

characterize users’ 

expectation of click-

through willingness 

0.5 

Emotional Sentiment 

Match 
24 

Sentiment analysis 

submodel 

Does the description text 

consistently express the 

promotional sentiment 

0.3 

Visual Appeal Score 40 

Image 

Attention/Attraction 

Model 

Comprehensive 

judgment of color, 

composition, clarity and 

other elements 

0.2 
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4. Functional Validation of a Multimodal Deep Learning Advertisement 

Creative System 

4.1. Experimental Design 

In order to comprehensively verify the usability and stability of the system in real advertisement 

creative generation scenarios, a functional test scheme covering multi-dimensional variables is 

constructed: (1) The input layer simulates the image, copy and user click data in real advertisement 

scenarios, with the input sample size of 12,00 groups, and the dimensions of the three-modal features 

are set to be 224×224×3, 512, and 64; (2) The test module calls an integrated Transformer encoder to 

evaluate the output coherence of the three-layer structure under the consistency of generative style; 

(3) the performance evaluation end collects CTR prediction scores, sentiment consistency indexes and 

image quality evaluations, and the output dimensions are unified into a 96-dimensional triple-nested 

representation, which is used to support the subsequent score modeling experiments. The 

experimental structure is designed to ensure that the various modules of the system can achieve 

stable and synergistic output under large-scale multimodal input5 . 

4.2. Model Training and Parameter Tuning 

The training phase uses 12,000 multimodal samples, with 200 rounds of training. Each round 

includes 128 batches, totaling around 18,750 steps. The model parameters are initialized using a 

Xavier uniform distribution, and AdamW is used as the optimizer, with an initial learning rate of 1e-

4, dynamically adjusted by a cosine annealing strategy with thermal restart. The multimodal 

reconstruction and cross-modal consistency losses are weighted at 0.7 and 0.3, respectively, and the 

overall loss is L2-regularized with a weight decay of 1e-5. The validation set loss is monitored, and 

early stopping is applied if there is no improvement for 10 consecutive rounds, with a threshold of 

0.01 for overfitting6 . Hyperparameter tuning is done via five-fold cross-validation, with a sampling 

ratio of 0.8 per restart and grid search for hidden dimensions, attention heads, and feed-forward layer 

size. The final configuration includes 1024 hidden units, 8 attention heads, and 2048-dimensional 

feed-forward layers, ensuring balanced convergence speed, semantic consistency, and generative 

stability for large-scale multimodal tasks7 . 

4.3. Comparison Experiments 

4.3.1. Comparison with traditional methods 

In order to verify the performance advantages of this system in the task of advertisement creative 

generation, the comparison experiments with three traditional generation methods are constructed, 

including the TF-IDF-based keyword splicing model, the LSTM graphic generation model, and the 

FastText+CNN combination model8 . The experiments use the same test set (2,000 ad samples), and 

the five metrics of click-through rate prediction accuracy, linguistic generation F1 value, image 

quality (PSNR), average generation time, and composite score are used as the comparison 

dimensions. Table 4 demonstrates the evaluation results of each model under the five metrics. 

As seen in Table 4, the multimodal Transformer system outperforms the three traditional 

generative models in all five core metrics. In the click-through accuracy dimension, the system 

reaches 0.681, which is about 30.7% higher than the TF-IDF splicing model and about 16.0% higher 

than LSTM, indicating that the multimodal semantic modeling effectively captures user interest 

patterns. In the F1 value dimension, this system is 0.791, which is significantly better than the 0.725 

of the FastText+CNN model, with an improvement of about 9.1%, reflecting the advantage of 

generative language in contextual logic and emotional structure. The image quality index PSNR 

reaches 28.94, which is 2~5dB ahead of the traditional model, reflecting that the system can effectively 

output clearer and more reasonably composed creative images in graphic fusion. Although the 
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average generation time is slightly higher than FastText+CNN, the time difference is controlled 

within 8ms, which is acceptable overall. The comprehensive score reaches 0.729, which is higher than 

the traditional method by more than 0.081, further indicating that the system achieves balanced 

optimization under multiple indicators. Overall, the overall improvement in performance stems from 

the highly modeling ability of the three-modal feature fusion and cross-modal attention mechanism 

for semantic consistency and structural integrity9 . 

Table 4. Experimental results of performance comparison of different ad generation methods. 

Model Name 
Click-Through 

Accuracy 
F1 Value 

PSNR 

Value 

Average 

Generation Time 

(ms) 

Overall 

Rating 

TF-IDF splicing model 0.521 0.633 23.12 28.6 0.568 

LSTM generative model 0.587 0.712 25.46 36.2 0.631 

FastText+CNN Combined 

Model 
0.602 0.725 26.51 33.9 0.648 

Multimodal Transformer 

System 
0.681 0.791 28.94 41.7 0.729 

4.3.2. Comparison of the performance of different models 

To further validate the performance of the system under different network structures, model 

structure comparison experiments are designed to make changes in two dimensions, encoder 

structure and decoder mechanism, respectively, and evaluated using consistent data inputs, 

parametric quantities and training strategies10 . Table 5 and Table 6 show the experimental results of 

each model under the five evaluation metrics. 

Table 5. Experimental results of encoder structure comparison. 

Model Name 
Click-Through 

Accuracy 
F1 Value BLEU-4 

Average 

Generation Time 

(ms) 

Overall 

Rating 

Unimodal shallow stacking 

model 
0.563 0.681 0.427 25.3 0.594 

ResNet50+BERT 

independent coding 
0.608 0.724 0.473 32.1 0.648 

Multimodal Unified 

Transformer Encoding 
0.681 0.791 0.532 41.7 0.729 

Table 5 shows that the encoder structure has a direct impact on the final generation results. The 

unified Transformer encoder model outperforms the traditional shallow stacked model by 0.118 in 

click-through rate accuracy, and BLEU-4 by 0.105, indicating that it possesses stronger 

comprehensive modeling capabilities in cross-modal semantic understanding and reconstruction. 

Compared to the ResNet50+BERT independent coding structure, Transformer improves 0.067 in F1 

value, showing that it is more effective in unifying the graphic-behavioral tri-modal inputs. Although 

its generation time rises slightly, it is within a manageable range, balancing efficiency and quality. 

Table 6. Experimental results of decoder mechanism comparison. 

Decoder Structure 
Click-Through 

Accuracy 
F1 Value 

Visual 

Consistency 

Score 

Average Generation 

Time (ms) 

Overall 

Rating 

Baseline RNN 

Generator 
0.578 0.692 0.661 26.5 0.609 

Transformer Decoder 0.641 0.746 0.719 33.8 0.683 
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Streamlined GPT 

structure 
0.673 0.783 0.752 39.2 0.716 

As seen in Table 6, different decoder mechanisms have significant effects on both the semantic 

coherence and graphic alignment effects of the generation. The traditional RNN-based generator has 

the lowest score of 0.661 on visual coherence and 0.578 on click-through accuracy despite its low 

computational effort, indicating that it is difficult to capture cross-modal semantic mappings.The 

Transformer-Decoder structure has a significant improvement in all metrics, with an F1 value of 

0.746, suggesting that it is better than RNN in modeling the logic of language generation. outperforms 

RNN.Further introduction of the GPT-refined variant improves the visual consistency score to 0.752, 

and the click-through rate prediction accuracy reaches 0.673, validating its advantages in high-

dimensional dependency modeling. 

5. Conclusion 

The multimodal deep learning ad creative optimization system achieves efficient ad creative 

generation and evaluation by integrating image, text and user behavior data. The deep fusion of tri-

modal features and the cross-modal attention mechanism effectively improve the relevance and 

attractiveness of the advertisement content, surpassing the traditional model in a number of 

performance evaluation indexes, showing its potential for application in real advertising scenarios. 

In the future, with further optimization of the technology, the performance of the system in terms of 

generation speed and processing of large-scale datasets can be further improved. In-depth 

exploration of the integration of multimodal deep learning and other fields of application will help 

promote the development of advertising creative generation technology and provide more 

possibilities for personalized advertising recommendation and user experience optimization. 
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