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Introduction
❑ Open World Object Detection (OWOD) aims to detect and continually learn 

previously unseen (unknown) objects.

Visual/functional 

attributes
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Introduction

❑ Beginning with a large pool of potentially relevant attributes, the major 

challenge lies in effectively refining a subset of highly-relevant attributes, to 

enable reliable detection of both known and unknown objects.

?
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Introduction

❑We model this problem as a Partial Optimal Transport (POT) problem, 

enabling end-to-end attribute selection and optimization for effectively 

detecting both known and unknown objects.
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Method: overview

❑We propose Partial Attribute Assignment (PASS), a three-step algorithm that 

progressively selects and optimizes a targeted subset of relevant attributes 

throughout the training process in an end-to-end manner.
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Step (a): Partial Attribute Assignment

❑ Initial optimization of attribute embeddings by solving the POT problem 

between visual and attribute embeddings

Optimize attribute embeddings by

solving the following POT problem:



7Detecting Open World Objects via Partial Attribute Assignment. CVPR 2025

Step (b): Curriculum Attribute Selection

❑Gradually selecting a smaller subset of most relevant attributes based on 

relevance score originated from the POT plan

The POT plan 𝐓 derived in step (a) manifests the

correlation between individual visual and attribute

embeddings. By summing along the column of 𝐓,

we define the relevance score of each attribute

(w.r.t. visual objects) as

Hence, we can gradually select a smaller subset of

most relevant attributes based on 𝒔 during training.
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Step (c): Object Class Prediction

𝒔 can be further used to reweight the selected

attributes when computing object class predictions,

serving as a complementary “soft” filtering strategy:

After optimized by the CE loss, attribute embeddings

are fed back into step (a) for the next iteration.

❑ Using the selected attributes to calculate the object class predictions of 

each visual input, and beginning the next three-step iteration
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Experiments: setup

❑Classes in each dataset are halved into known and unknown classes 

❑Probability of unknown objects: task relevance (𝑝𝐼𝐷) × unknownness (𝑝𝑂𝑂𝐷)

❑Evaluation metric: mAP on known or unknown objects
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Experiments: comparison with SOTAs

*U: Unknown mAP; K: Known mAP; PK: Previously Known mAP; CK: Currently Known mAP
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Experiments: visualization

❑Detection results and top attributes for detected objects

❑Thank you for listening!

❑Code: https://github.com/muliyangm/PASS

https://github.com/muliyangm/PASS
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