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Contribution The Proposed MDRelD

(1) We propose MDRelID, a flexible any-to-any object re-
identification framework that supports retrieval across

[~ ity-mi : MDRelD

:i J, arbitrary query-gallery modality combinations, addressing the ) R / / T
i : ,’ practical limitations of strictly aligned multi-modal datasets. [, I5. I%,,] = = [15, I5,] o
[RGB, TIR] + : : : : : = = G .
i (2) We introduce a Modality-Decoupled Learning (MDL) R - | 5 5 o / / - Ui tehe L
! ;r ] strategy, coupled with a Modality-aware Metric Learning : : [ 122] Y, *’ﬁf
I , | . . . . . = = IZ, o S el
:: (MML) strategy. .MDL §Xp1101tly dlsen.tangles modahty- . = Z - / E, £
M * shared and modality-specific representations, while MML T -~ e 14
_____ rfffﬂ_l:ﬂfl_ff_ﬂf:ﬂ_fﬁ-f[_ﬁtl_"_ﬂiiﬁfl_ﬁl_ DR DR| further strengthens this disentanglement by introducing a o daiaars Mo Learning S 3 1
(a) Examples of modality-(mis)matched ReID scenarios. (b) The motivation of proposed MDReID. representation orthogonality loss and a knowledge Representation Orthogonality Loss (ROL) Knowledge Discrepancy Loss (KDL) @ Anchor
. eqo . . 1 1 - ' [ B ® Positive
(a) Though the availability of spectral modalities (e.g., RGB, NIR, d¥sc.rep ancy loss, chtoutaging the two components to encode . ngamj
: : : distinct and complementary information. 8 Turger
TIR) varies across queries and galleries, recent methods only : {dn s, dn}
focus on the modality-matched scenarios, which limits their || Extensive experiments on multi-spectral object RelD datasets UR, I I IS T o =

spr Lepr fop o dp Target cross-correlation {a} Shared Feature (I, )(b) Specific Feature (I5y) () Combined Feature ([I.,. [.5])

practical applicability. (RGBNT201, RGBNTI100, MSVR310) demonstrate the MDReID is desioned t ¢ ot 1 bit dalit binati It
superior adaptability and performance of the MDReID across elD 1s designed to support retrieval across arbitrary modality combinations.

(b)MDReID overcomes the rigidity of modality constraints by || giverse scenarios. MDReID achieves significant mAP disentangles features. into shared and.speciﬁc .c.omponents to boo§t performanceo n
disentangling modality-shared and modality-specific features, improvements of 9.8%, 3.0%, and 11.5% in general modality- both matched and mismatched scenarios. Addltlonally, by leveraging representation
enabling effective matching between queries and galleries from || matched scenarios, and average gains of 3.4%, 11.8%, and orthogonality loss (ROL) and knowledge discrepancy loss (KDL), MDRelD refines

arbitrary modalities. 10.9% in modality-mismatched scenarios, respectively. feature separation and enhances retrieval robustness.
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In (a), using only MDL leads to noticeable feature overlap and unclear separation
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