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2 Introduction

Ad-pushing algorithms are machine learning-based systems designed to match user queries with relevant
advertisements, optimizing metrics such as Click-Through Rates (Satisfaction Rate)[1]. These algorithms
are vital for app developers like Instagram, as they allow these platforms to earn revenue from merchants
like Sephora by effectively marketing their products to users through ads. However, traditional evaluation
methods for these algorithms rely on human raters to assess advertisement quality and relevance, which incurs
considerable recruitment costs and lengthy evaluation time[2]. To address this, the team proposes a Large
Language Model (LLM) based multi-algorithm evaluation system that replaces human raters and provides
a comprehensive, automative, and efficient evaluation methodology for various ad-pushing algorithms.

3 Illustration & Figure

Please refer to Figure 7 for the structure diagram of AdVize.

4 Background & Related Work

“Online Advertisements with LLMs: Opportunities and Challenges” by Feizi et al. has discussed the po-
tential of leveraging LLMs in online advertising systems [3]. It addresses essential aspects such as privacy,
latency, and reliability of LLMs, which provokes the team’s thinking about implementing the LLM in eval-
uating advertisement-pushing algorithms.

Meanwhile, “PICLe: Eliciting Diverse Behaviors from Large Language Models with Persona In-Context
Learning” proposed by Choi et al. presents a framework for persona elicitation, customizing LLM behaviors
to align with target personas [4]. It gives the team guidelines about persona installation for engineering our
primary model.

5 Data and Data Processing

5.1 The Persona Dataset

The Persona Dataset was collected from 20 real individuals through surveys. It contains “persona data”
such as age, occupation, gender, topics of interest, and search history.

Figure 1: Persona Dataset

5.2 CommercialAds Dataset

The CommercialAds Dataset contains 250k search queries and the corresponding matched ads extracted
from the original CommercialAds Dataset.
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Figure 2: CommercialAds Dataset

The original dataset has 300k samples, where each sample includes a user search query, ad title, description,
image, product manufacturer, seller information, and a binary label indicating ad relevance to the query.
From this original dataset, the team kept the query and ad columns only while removing all the other
columns, which constitute our CommercialAds Dataset.

6 Architecture and Software

6.1 Engineering Simulated Rater

Figure 3: Module-level overview: query generation and feedback collection

6.1.1 Persona-Based Initialization

As Figure 3 shows, the simulated rater is initialized using the CollectedPersonaDataset. The queries gener-
ated by the simulated rater should align with the persona’s profile, reflecting the persona’s search behaviours.

6.1.2 Ad Matching and Query Processing

After generating a persona-based simulated query, cosine similarity is used to match it with the most similar
query in the Query-Ad Pair dataset. The ad linked to the most similar query is presented to the simulated
rater for feedback assessment.
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6.1.3 Simulated Rater’s Feedback Collection

Figure 4: Simulated Dataset

The simulated raters’ binary feedback (1 for relevant, 0 for not relevant) will be stored along with the
generated query and matched ads in the Simulated dataset. This dataset is used as a medium to demonstrate
simulated queries and feedback to persona owners.

6.1.4 Persona Owners Inspection and Prompt-Engineering Loop

Figure 5: Prompt-engineering loop for Simulated Rater

Figure 5 demonstrates the prompt engineering loop of the simulated rater. Persona owners inspected the
quality and correctness of each simulated query and feedback generated by the simulated rater. This in-
spection was used for team members to refine and optimize the simulated rater through iterative prompt
engineering until all simulated queries and feedback have passed inspection.
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During this process, one important modification involved addressing the simulated rater’s initial tendency to
over-focus on the details of matched ads, leading to feedback that often misaligned with the persona owner’s
general preferences. Hence, the team added prompts shown in Figure 6, to encourage the simulated rater
adopting generalized perspectives which significantly boosted its performance.

Figure 6: Generalization prompt for Simulated Rater

6.2 Evaluating Multiple Ad-Pushing Algorithms

After developing the simulated rater, the team has implemented it into the AdVize system which is demon-
strated in Figure 7. Please find Appendix A for one comprehensive example used through the system.

Figure 7: System architecture of AdVize

6.2.1 Persona Installation and Algorithm Building

The system begins by embedding the persona into the simulated rater. Subsequently, ad-pushing algo-
rithms, including Cosine Similarity Matching (baseline), fine-tuned Llama 8B, and GPT-4o with Retrieval
Augmented Generation, are developed utilizing ad content sourced from the CommercialAdsDataset.

6.2.2 Simulated Query Generation and Ads Evaluation

The simulated rater generates queries and sends them to the ad-pushing algorithms. These algorithms
process the queries and return the corresponding ads, which are then evaluated by the simulated rater,
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providing feedback for each algorithm’s pushed ads.

6.2.3 Feedback Aggregation

For each ad-pushing algorithm, the system analyzes the simulated rater’s binary feedback and calculates
satisfaction rates for each algorithm. The final output of our system presents the satisfaction rates for all
evaluated algorithms and identifies the most effective algorithm.

6.3 Automated AdVize Application

6.3.1 Dockerized Algorithms

To streamline and automate the evaluation process, the simulated rater system incorporates a Dockerized
architecture[5]. To encapsulate the necessary environment, dependencies, and code, each ad-pushing algo-
rithm is containerized into a Docker image, as shown in Figure 8, ensuring compatibility and reproducibility
across different systems.

Figure 8: Docker images for ad-pushing algorithms

Figure 9 demonstrates our AdVize prototype application, we expect the user to provide their target ad-
pushing algorithm by entering the name of the encapsulating Docker image, and after clicking the “Run”
button, they will see a satisfaction rate showing up shortly in the “Result” section.

Figure 9: AdVize user interface
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As demonstrated in Figure 9, the provided docker images should expose three essential endpoints (/health-check,
/load-data, and /run-algo) to integrate seamlessly with the backend of the simulated rater system.

• /health-check: The endpoint for verifying the Docker container and its underlying application runs
correctly, ensuring readiness before processing any further requests.

• /run-algo: The endpoint for processing incoming queries and returns the matched advertisements.

• /load-data: The endpoint for loading the required dataset into the Docker container. While some
algorithms require a dataset of queries and advertisements to initialize or process matches, in cases
where the dataset is pre-embedded in the model (e.g. the fine-tuned Llama 8B model), this endpoint
should be used as a placeholder for compatibility without actually loading the dataset.

6.3.2 Automated Workflow

The AdVize system automates the testing and evaluation process, enabling a streamlined and reproducible
workflow for the entire system, as shown in Figure 10 and 11.

Figure 10: Docker container initialization, health check, data loading, and simulation

Figure 11: Docker container termination and result saving

1. Starting the Docker Container and Health Check: As shown in Figure 10, the system initializes
the Docker container for the specified algorithm using docker run. The system repeatedly sends POST
requests to the /health-check endpoint every 10 seconds for up to 20 attempts, and if the endpoint
returns a status code of 200 within this 200 seconds, the system is deemed ready for further processing.

2. Loading Data: The system sends a POST request to the /load-data endpoint with the dataset path.
This step prepares the algorithm to process queries, ensuring it has access to the required data.

3. Running the Algorithm: For each query, the system sends a POST request to the /run-algo

endpoint. The query is processed, and the matched advertisement is returned. This interaction is the
core functionality of the ad-pushing algorithms.

4. Stopping the Docker Container: Once the simulation is completed, the system stops the running
Docker container to free up resources and ensure the environment is clean for future executions, as
shown in Figure 11.

Integration and Compatibility: By standardizing the /run-algo, /load-data, and /health-check

endpoints, all Dockerized ad-pushing algorithms are compatible with the main backend script. This ensures
modularity, allowing algorithms to be swapped or added without disrupting the overall system architecture.
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6.3.3 Data Pipeline and Feedback Generation

Figure 12: Interactive options after completing a simulation

Figure 13: Satisfaction rates across different ad-pushing algorithms

Query Matching and Feedback Collection: The AdVize system evaluates the performance of each
algorithm by processing a batch of persona-generated queries. For each query, the matched advertisement is
retrieved from the /run-algo endpoint, and the simulated rater provides feedback. The system then records
the feedback and justification for further analysis.

Output Generation: Once the Docker container is stopped and the simulation concludes, the results – in-
cluding matched advertisements, feedback, justifications, and satisfaction rates – are saved to CSV files. The
system also calculates the satisfaction rate for each ad-pushing algorithm based on the simulated feedback.
The results are visualized through graphs, allowing users to compare the performance of different algorithms.

Figure 11 illustrates the interactive flow presented to the user after the simulation process. Users can choose
to:

1. Test and run another ad-pushing algorithm by entering the corresponding Docker image name.

2. View the satisfaction rates and results graph generated from the CSV files.

3. Exit the simulation process.

The graph in Figure 13 displays satisfaction rates across different algorithms, enabling a clear comparison
of their performance. This visualization helps identify the most effective ad-pushing algorithm based on
quantitative metrics.
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7 Baseline Model or Comparison

7.1 Where Evaluation is Needed

To measure the success of AdVize, we needed different evaluation metrics for different functionalities of our
simulated rater model. There are two major functionalities of the model that we are interested in evaluating:
query generation and feedback-on-ad generation.

7.2 Evaluating Query Generation

Every time the simulated rater generates a search query, we would like to know whether this query matches
the assigned persona. For example, it is unlikely for a user whose interests lie in outdoor activities to search
for products for indoor entertainment. Given a persona description and a search query (both in plain text),
we use the following three evaluation methods to evaluate the query generation:

1. BERT scores: We use BERT F1 scores through the bert score library in Python to compare the
similarity between the persona description and the search query in their BERT contextual embeddings
[6]. If the query does not match the persona, we would expect to see a low BERT F1 score due to low
similarity.

2. Human verification: Human verification is done by asking a real person (the source of that persona)
to rate on a scale of 1 to 3 whether they are likely to use that specific query themselves when searching.
Scores of 2 and 3 here indicate ‘Moderate’ and ‘High’ likelihood.

3. GPT-4o verification: We could also let another GPT-4o agent to rate the query for that persona
source. In this case, we will need to give GPT-4o the full persona description so that it thinks like the
persona source when rating the queries.

For Method 2 and 3 above, a rubric was created as the guideline for query grading.

Figure 14: Evaluation Rubric for Search Queries

7.3 Evaluating Feedback-on-Ad Generation

Another functionality we need to measure the success on is the simulated rater generating feedback on an ad.
Ideally, we want the simulated rater’s feedback to match the human’s feedback for as many ads as possible.
Given one list of binary feedback (0 for interested, 1 for uninterested) from simulated rater and another one
from human, we now compute the two metric values as follows for evaluation:

1. Percentage of Matched Feedback: For a given ad, when the feedback from simulated rater and
human is the same (both being 0 or both being 1), we call it a “matched feedback”. A high-performance
Simulated User model is expected to have a high percentage of matched feedback.

2. Cohen’s Kappa: We can also use Cohen’s kappa statistics, which is used to evaluate the agreement
between two annotators on a classification task. This value can range from -1 to 1 and should be above
0.8 to indicate good agreement between the raters [7].

8 Quantitative Results

The primary objective of AdVize is to replicate human rater performance. Accordingly, the evaluation metrics
were specifically designed to assess the alignment and similarity between human raters and simulated raters,
including BERT scores, manual assessments, and evaluations conducted by an LLM framework.
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8.1 Query Evaluation

Manual Scoring:

• Human evaluators assessed the relevance of the generated queries using a team-curated rubric, assigning
scores on a scale of 1 to 3. Among the 200 queries evaluated, 96% were rated as having “Moderate”
to “High” relevance.

Figure 15: Manual evaluation result for
query simulation

Automated Scoring - BERTScore F1:

• The contextual similarity between the persona prompt and the generated queries was quantified using
the BERTScore metric. The model achieved an average F1 score of 86.9% across the 200 queries.

8.2 Ad-Query Matching Evaluation

Manual Scoring:

• The percentage of matched feedback reached 91.8% between the Simulated User and human raters.

• A Cohen’s kappa of 0.8232 indicates that the Simulated User and human raters highly agree on their
feedback on generated ads. The annotators’ classification is visualized in Figure 16 below.
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Figure 16: Agreement between raters

9 Qualitative Results

Simply providing digital relevance scores for generated queries and binary feedback for matched adver-
tisements is insufficient to fully evaluate the effectiveness of the AdVize model. Therefore, an additional
GPT-4o model was implemented to enhance the evaluation process. The following examples (Figure 17 and
18) illustrate how the GPT-4o model offers detailed justifications and analyses for its ratings.

• Query Evaluation:

Figure 17: Qualitative result for query generation
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• Ad-Query Matching Evaluation:

Figure 18: Qualitative result for ad matching

10 Discussion and Learning

The quantitative and qualitative results presented in section 9 have demonstrated the simulated rater model’s
outstanding performance, highlighting its effectiveness in query generation and its ability to replicate human
judgment in evaluating ad relevance.

The team was particularly surprised by the model’s capability to achieve such high performance with min-
imal intervention, relying solely on prompt engineering with brief persona data that GPT-4o model had
never encountered before. This outcome underscores the remarkable zero-shot ability of GPT-4o model to
generalize across unseen data and domains.

During this project, an essential learning for the team was the persona installation technique, which is the
process of embedding personas into the simulated rater model (special thanks to our TA Zafar). The success
of the simulated rater in generating queries and evaluating ad relevance that reflects a real individual’s
behavior highlighted the effectiveness of persona installation. If the team implements this project again,
we will further expand the geographic and demographic diversities of the persona dataset to enhance the
generalizability of the simulated rater model. Expanding the dataset will introduce greater variability in
personas, and also allow the simulated rater model to better capture cultural, linguistic, and behavioral
nuances, ultimately improving its evaluation performance in real-world applications.
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11 Individual Contributions

The following table highlights the individual contributions of each team member to the AdVize project,
showcasing each member’s responsibilities in the development process.
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A Appendix A: One Example from the start of system to the end

This Appendix demonstrated an example from the start to the end of the automated AdVize system. This
example follows the structure and process of Figure 7, please refer to it for the visualization.

A.1 Persona Installation and Query Generation

As introduced before, the AdVize system starts with embedding the persona into the simulated rater model
through prompts. As demonstrated in Figure 19, the example persona of one of team members, Cherry, is
input into the simulated rater model. Next, the model takes the persona prompt and outputs 10 simulated
queries according to Cherry’s persona.

Figure 19: Query Generation Example
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A.2 Ad Pushing Algorithm and Pushing Ads

For demonstration, GPT-4o with RAG Ad pushing algorithm is shown as the example. In Figure 20, four
simulated queries generated by the simulated rater are received as the first input. Then, ads Content from
CommmercialAds Dataset is served as the second input into this algorithm. The algorithm will subsequently
process the inputs and output the most relevant ad as shown in Figure 20. (Here only show three queries
and ads for demo)

Figure 20: Example of GPT-4o RAG Ad pushing Algo
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A.3 Feedback Generation

After the ad pushing algorithm returns the ads, the simulated rater model takes in the ads as the input. As
shown in Figure 21, it outputs the decision of if the simulated persona would find the ads appealing, along
with the justification for it’s decision.

Figure 21: Example of Feedback Generating for Simulated Rater
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A.4 Satisfication Rate Calculation and Visualization

The stratification rate can be calculated with the following function:

Satisfication Rate =

∑
Positive Feedback Num∑
Total Feedback Num

In this specific example, the satisfaction rate is:

Satisfication Rate =

∑
Positive Feedback Num∑
Total Feedback Num

=
2

3
= 66.6667%

As we have 2 ”yes” feedbacks and in total 3 feedbacks. Then, this stratification rate is visualized as demon-
strated in Figure 22

Figure 22: Example of GPT-4o RAG Ad pushing Algo
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