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Background & Problem Definition

Proposed Method: ADvisor

 (C1) Brand-specific criteria generation with cross-brand context
augmentation

— Goal: To address lack of decision criteria under data scarcity.

— Construct contrastive few-shot examples (high-medium-low
performance ads are grouped).

— If similar brand exists, augment with similar-brand insights.

— Use VLM to generate brand-specific evaluation criteria.

 (C2) Reflection-based scoring

— Goal: To improve reliability and consistency of VLM scoring.

— [Sub-step 1] Initial scoring: Assign scores on each generated
criterion with rationales.

— [Sub-step 2] Self-critique: Examine inconsistencies and insufficient
grounding.

— [Sub-step 3] Refinement: Revise scores based on critique feedback.

e (C3) Brand-specific ranking

— G@Goal: To learn brand-specific ranking under limited labeled data.

— Use refined scores as input features and train a brand-specific
lightweight ranker (MLP).

— Optimize the ranker with pairwise ranking loss.

Experimental Results * RQ3. Case study: Generated brand-specific criteria are both

meaningful and effective.

* Background:

— VLMs struggle with real-world business decisions which requires
task-specific reasoning under limited data.

 Problem Definition: Brand-specific advertisement ranking

— Goal: Rank new ads according to their performance metrics before
actual ad deployment.

— Input: For each brand,
(1) Brand description
(2) Ads with visual content, textual content

— Output: Ranking of ads of the target brand.

* Challenges:
(1) Data scarcity: Limited ads and performance labels for each brand.
(2) Lack of decision criteria: No clear definition of an effective ad for
specific brands.

* Practical Relevance:

— Represents real-world tasks of advertising agencies.

— Enables effective pre-deployment ad selection under limited data,
reducing costly trial-and-error in real-world ad campaigns.

 RQ1. Accuracy: ADvisor achieves the best overall ranking performance.
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