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Scalable Segmentation Models

 Amodel is If can effectively improve with the
Increase Iin both dataset size and task diversity.
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Scalable Segmentation Models

« Key advantages:

. Learns and improves over time by
leveraging both existing and future datasets, without the need
for frequent redesign.

. Incorporates knowledge across diverse
tasks and datasets, enhancing generalization.

. Enables a single, robust model capable
of generalizing across a wide range of applications, including
open-vocabulary, free-form, and in-the-wild segmentation.
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Scalable Segmentation Models

» Existing models have
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Query Design for Scalable Segmentation

* The design of IS the key limitation
preventing effective scalability.
* Mixed-Query Transformer ( ), a novel scalable

segmentation framework, is introduced.

class, bounding box, mask predictions
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Query Design for Scalable Segmentation

» Learnable query vs Conditional query
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Query Design for Scalable Segmentation

» Learnable query vs Conditional query

Image Segmentation
Performances
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Learnable queries perform well on semantic segmentation but struggle with instance-level
tasks, while conditional queries perform significantly worse on semantic segmentation.
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Query Design for Scalable Segmentation

* Both learnable and conditional queries have their
respective strengths.

excel at handling large, amorphous
background regions.

specialize in capturing local, instance-
level features.

 However, their individual limitations hinder scalabillity
across diverse datasets and tasks.
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Query Design for Scalable Segmentation

* Mixed query
learnable and conditional queries
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Query Design for Scalable Segmentation

* Mixed query
— combines learnable and conditional queries
— refines their representation through mutual exchange
— dynamically chooses preferred objects

Image Segmentation Performances
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Scalability to More Data and Tasks

* To further enhance scalability

— Synthesizing masks and object captions on bbox-annotated
datasets
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Advancement of Mixed Query

* The counter prediction of examples by mixed query.

Objects predicted by conditional queries Objects predicted by learnable queries

Input image Prompt Output mask Input image Prompt Output mask
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Scalability of MQ-Former
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Segmentation Output Visualization for MQ-Former
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