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Creative Opportunity in Online Advertising

● Online advertising is a key to increase brand awareness. 

● Advertisers routinely run campaigns with different content that aim to 
capture current market trends, user interests and requirements. 

● Popular brands that have multiple products often run several 
campaigns designed manually by creative editors. 

● Churn rate or revision rate of these campaigns is extremely high i.e. 
creatives are updated with new images, text or taglines very frequently 
to attract users. 

RecSys’19, WWW’20, CIKM’20, CIKM’21, RecSys’22, KDD’23



Creative Opportunity in Online Advertising

Different creatives for some brands as 
shown in images on the right. 
Advertisers use different elements 
(time of the year, market trends or 
different discounts) to attract users. 

The objective is to design a system 
that aims to reduce the time spent in 
creative design for brands across 
several categories. 



Advertisement Design Workflow

In advertising, content is the key to capture user 
interest and generate revenue.

1. Engaging advertisements require 
domain knowledge, market trend 
awareness, copy writing skills.

2. Ad creative (text + image) design is 
iterative and tedious. 

3. Limited amount of content can be 
produced manually.

RecSys’ 22

Can we reduce the time 
spent on designing ads?



Means to support Creative Strategists

• Recommendations [RecSys’19, WWW’20]

○ Given a brand, recommend keywords or advertising 
concepts to spark innovation.

○ Train models on past advertisements to recommend phrases.

○ Use Campaign Data [CIKM’20, CIKM’21]
■ Use campaigns (good and bad) to show which concepts work with 

different audience.  

■ Train models on past campaign CTR to predict idea quality.

 



Can we generate ads?

• Ad text is different from regular text, both in terms of sentence structure 

and formulation novelty. 

• Native advertisements are short sentences, often encouraging user to take 

some action. For ex. ‘Free gift with new MYBRAND TV!’

• You do not want to generate spurious advertisements! For ex. Cannot 

generate ‘50% discount on new TV’ if the advertiser is only giving 10% 
discount!



Ads at Amazon

● We support 3 types of advertisements where we 
can show one single product or multiple products 
with a custom image. 

● We usually show these along with a headline to 
attract user’s attention. 



Ad text generation launches at Amazon



Generating ad-text with LLMs 

• Finetune LLM with some clever tricks:

○ Encoder-Decoder models such as BART or decoder only models as backbone.

○ If CTR data available, train a predictor to estimate generative text quality. Train with feedback 
from CTR predictor.  

Kanungo et al, NAACL’21



Generating ad-text with LLMs 

Kanungo et al, KDD’22

Inputs
3 Product titles and corresponding 
descriptions

CTR predictor
Trained on historical campaigns

Model Architecture
BART – encoder decoder model.

Training method
Teacher forcing

Feedback Mechanism
Reinforce Trick



Generating ad-text with LLMs 

• Pretrain and Finetune LLM for generation.

Wei et al, NAACL’22



Generating ad-text with LLMs 

• Pretrain and Finetune LLM for generation.

Wei et al, NAACL’22



Multimodal Ad Text Generation
• Generate advertisements by exploiting 

brand level textual and visual information 
across categories. 

• Existing methods do not exploit brand 
level differences.

• Contrastive multimodal model maximizes 
difference between text generated for 
similar products sold by two different 
brands.

• It generate diverse text ensuring that 
users have unique experience across 
brands on their shopping journey. 

Baseline



Multimodal Ad text Generation

At test time



Proposed Model
• Minimize cross entropy loss
• Minimize contrastive pairwise 

margin loss
 

 



Data
• Data with 335,165 advertisements from 42400 brands. Each 

advertisement can contain upto three products.
• 20% of titles are shorter than 10 words. Text-only generation models 

perform poorly on this segment.
 



Results

• % improvement over GPT2 baseline.
• MATG is trained with one product 

image.
• MATG-3 is trained with 3 product 

images.

Text baselines: GPT2, T5, BART, SCMLM, 
COBART
Image baselines: ClipCap, Mantis
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Qualitative Analysis
• Token level diversity
• Embedding level diversity
• Manual evaluation on relevance, 

grammar, readability and 
advertising appeal.

• Annotators tend to prefer 
contrastive model MATG-3.

• MATG-3 gets higher score for 
relevance and advertising 
appeal. 

• Advertiser submitted ad-text 
does not get perfect scores.



Results



Examples



Model Deployment
Generating text is not enough. It needs to be:
1. Policy compliant
2. Grammatically correct
3. Have proper casing
4. Faithful to the product 
5. Free of Gender biases



Related Multimodal Work

• Can Pretrained Language Models Generate Persuasive, Faithful, and 
Informative Ad Text for Product Descriptions? [Koto et al. ECNLP’22]
○ Models generate fluent advertisements, but are less faithful and 

informative, especially in out-of-domain settings

• CAMERA: A Multimodal Dataset and Benchmark for Ad Text Generation. 
[Mita, Masato, et al. arxiv 2023]
○ 12K pairs for training models. 
○ Search ads with layout information



Takeaways
• There is limited work on using multiple modalities while preserving 

brand identity for creative text generation which differs from more factual 
tasks such as visual Q&A, caption generation and summarization.

• Our findings suggest that product images, along with product title can aid 
in creative text generation.

• Contrastive learning especially promotes diversity in headlines for 
brands that sell very similar products, where titles would be very similar 
but images can provide more unique information about the product.

• One can explore image-level modeling for different brands to improve 
generation quality.



Ad Image Generation

Amazon

Google



Ad Image Generation

• We can automate not just text but also image generation. 

• It takes several iterations to design an image (with or without actors) to sell a 
product. 

• What are the key components to designing such a system?



Ad Image Generation

• What data will we use?

○ Catalogue images with descriptions. 

• What model do we use?

○ Diffusion models 

• What if we have limited data?

○ ControlNet / Lora



Data for Ad Image Generation 

Source: Shilova et al. 2023



Diffusion Models

• Diffusion models smoothly perturb data by adding noise, then reverse this 
process to generate new data from noise. 

• Each denoising step in the reverse process typically requires estimating the 
score function.

• The score function is a gradient pointing to the directions of data with higher 
likelihood and less noise.



Diffusion Models

Source: Shilova et al. 2023

Design Choices?
1. Noise generator 
2. Denoising model



Ad Image Generation

Source: Rombach, Robin, et al



Ad Image Generation

• How do you encode text prompt:

○ CLIP, T5XXL (different models have different text encoders).

• Positive and Negative prompts are supported by most models. 

○ Positive: objects or style that should be present in image

○ Negative: objects or style that must be absent from image



Ad Image Generation

• Finetune base diffusion models with 

○ Input: <mask, image, text prompt> 

○ Output: <target ad image>

• Data volume:

○ 1000s of images: finetune.

○ Few samples: use architectures like control net.



Output Examples

Source: Shilova et al. 2023



Output Examples

Source: Shilova et al. 2023



Challenges in Ad Image Generation

• How do we ensure product masks are accurate?

• How do we evaluate such generated images?

• What are the ethical questions associated with such models?

• Finally, such models still struggle with cardinality and special instructions, how 
do we ensure they are more faithful?



Ethical Evaluation

Image generation models have inherent biases that need to be addressed when 
running at scale. 

● Naik et al ‘23: First study on evaluating differences in image generation 
across location, gender and ethnicity. 

● Seshadri et al ‘23: Discussion on how these biases get amplified from training 
to inference. 

● Jha et al ‘24: More recent work that expands on how different tokens in 
prompts can lead to different results for location based image generation. 



Ethical Evaluation

What if you are not generating humans? What do you evaluate? 

● Events based in different locations. 
○ Weddings, birthdays etc. 
○ There should be healthy representation of country (city) specific details in events. 

● Places of work, travel or stay in different locations.
○ Hotels in Nigeria vs Hotels in USA. 

■ While there is bound to be a different, not all hotels in Nigeria are ‘huts’. Visual sampling 
allowed us to determine the level of bias and design post-processing filters. 

○ Train stations, Offices or colleges. 
● Depending on how you design prompts for image generation, we need to 

evaluate and control for some level of bias from these models. 



Open problems

We have only begun to use multi-modal models for content 
generation. We can do so much more!
• Holistic understanding of user segments with creative 

elements of ad. 
• Understanding and highlighting product differences in 

advertisements. 
• Helping advertisers build entire catalogues. [code 

generation]
• Helping advertisers create Videos. 



Questions?
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