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Background

Multi-Modality Object Re-Identification

Multi-modality object Re-IDentification (ReID) targets to retrieve special objects by integrating 
complementary information from diverse visual sources.
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Problem

 Though exhibiting promising performance, existing multi-modality ReID methods typically rely on an assumption
regarding the modality completeness, which may not hold in practice owing to privacy protections, sensor failures
or security requirements.
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 Existing models trained on modality-complete datasets typically exhibit significantly
degraded discrimination during inference with modality-incomplete inputs.



Motivation

 By harnessing VLMs' open-world vision-text alignment, text-derived semantic features may effectively compensate
for incomplete visual information, enabling robust solutions for modality-missing training and inference.



Framework

 Miss-ReID is the first work to handle multi-modality ReID under more general modality-missing 
scenarios encountered during both training and inference. 



1. M-bHIPRMethodology

Firstly, M-bHIPR extracts diverse visual features from accessible
modalities, and then builds modality-specific memory banks to
store heterogeneous prototypes for each individual identity,
ensuring the preservation of multi-modality characteristics.
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Methodology

Afterwards, M-iOSM employs structure-aware query interactions
to dynamically distill modality-invariant object structures from
existing localized visual patches.
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Methodology

 By leveraging the textual inversion technique, the
extracted visual structural features are further reversed
into pseudo-word tokens that encapsulate the identity-
relevant structural semantics with L-dMMC module.

 Ultimately, the inverted tokens, integrated with diverse
learnable modality prompts, are embedded into crafted
textual templates to form the personalized linguistic
descriptions for diverse modalities.

 Benefiting from VLMs' inherent vision-text alignment
capability, L-dMMC produces the textual embeddings
to substitute the absent visual cues.
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Experiments Ablation Study



Experiments Comparison with Stat-Of-The-Art Methods



Experiments

Performance Analysis of Miss-ReID under Varying Tri-modality Missing Rates



Experiments Visualizations

Visualizations of the attentive regions towards 16 well-learned structure-aware queries.

The feature distributions of 10  random identities.



Experiments Retrieval Result
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