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Key Contributions

Negative Sample Mining: Utilizing an ensemble of VLMs to reach a
consensus on negative samples, removing them from the human
labeling queue entirely.

I

I

I

I Dual-Objective Query Sampling: By leveraging DINOv3 patch

| embeddings, we sample diverse high-uncertainty predictions (via

I k-Means) and simultaneously identify high-confidence false positives (via I
I
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cosine similarity). '
Accelerated Annotation: Instead of drawing boxes manually, a Human

Oracle simply provides binary (approve/reject) feedback on bounding I
box candidates proposed by foundational models. I
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Filtering: A VLM committee automatically extracts negative samples, bypassing human labeling.
I Sampling: The system leverages Foundation Model features to strategically sample the most diverse and

Annotation: Models propose bounding boxes; humans simply approve or reject them instead of drawing.
Model Update: The detector is fine-tuned on both mined negatives and newly approved queries.
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Fitted Beta Mixture PDF to Predicted Confidence Scores

101

e e P o e e o o o

each cluster centroid

Why

They are bad for AP!

Effects of FPs confidence scores on AP

patches in cosine distance
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Zero-Shot Filtering: We utilize an ensemble of diverse
Vision-Language Models to independently classify whether an
iImage contains the target object.

The Consensus Strategy: An image is only added to the
negative sample set if all models in the committee agree it lacks
the target object. As shown in the confusion matrices, while
individual models may struggle, the "Consensus" approach
achieves near-perfect precision (e.g., 0.99 for True Negatives).

|

I

I

I

I

I
-
o
I

I

I

I

I

I

I

I

~___________________________-

COCO Dataset - Person Class (AP0.5:0.95)

RetinaNet R50, (no COCO pre-training)
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DIOR Dataset - Vehicle Class (AP50)

RetinaNet R50, (COCO pre-trained)

® Ours ® Random Sampling ® Entropy ® Coreset ® PPAL DivProto
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Percentage of images labeled by the oracle
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