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Background

Multi-Modality Object Re-ldentification
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Multi-modality object Re-IDentification (RelD) targets to retrieve special objects by integrating
complementary information from diverse visual sources.




c{\{ e
NEURAL INFORMATION
’f PROCESSING SYSTEMS
ole

Problem

» Though exhibiting promising performance, existing multi-modality RelD 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.

Inference ©

lnference @

RGB NIR TIR RGB NIR TIR RGB NIR TIR
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O Existing models trained on modality-complete datasets typically exhibit significantly

Modality Complete degraded discrimination during inference with modality-incomplete inputs.
(N =3)
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» 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.
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Framework

1. Memory-based Heterogeneous 2. Modality-invariant 3. Language-driven
Identity Prototype Representation (M-bHIPR) Object Structure Modeling (M-iOSM) Missing Modality Completion (L-dMMC)
IDT o RGB Features Adaptive Identity Pseudo-Word (ID1-#1) Learnable Modality Prompts
- Structure-aware Queries AAA
@ LY S I
m R Ell?ggﬁzr -] D ® ’ Cssd An image of a [X] person, who shows the [X...X] attributes.
K — #l
g [ Patches Inversion . ‘N
: 1 -t H1=p Net KT Animage of a [X] person, who shows the attributes.
Pyg o Loss # etwor ‘ ‘-
. K&V Animage of a [X] person, who shows the [X...X] attributes.
> \ )
NIR Features N s2 Y
o ~ (@ & ion® &
_1 S — Inversion Text Memories in M-bHIPR
= Ell:::g(giir [CLS ] g JfZ Network 7 Encoder
2 V [CLS #2 ] g | T @ @
P Lossl /) Identity \
Ush Pseudo-Word \\1_0553 _/
(ID1-#2)
o TIR Features . L“’553
=
e Image LS _1 S An image of a [X] person, who shows the [X...X] attributes. |
. Encoger"[ ] @ £ . o Text
Y [ cs  #2 ] v g An image of a [X] person, who shows the attributes. > Encoder
£
o R?}T_Lossl Animage of a [X] person, who shows the [X...X] attributes. T
Training Data Patches Structure Embeddings
#:v:it-l;lhlii;:‘ctitilerg?lf MHA [\iﬂg#:i%?‘d @ Average Pooling “ Learnable % Frozen Lossl L5} + Lo + L Loss2 Ly, + Loy Loss3 Lol + Lol + L7,

» Miss-RelD is the first work to handle multi-modality RelD under more general modality-missing
scenarios encountered during both training and inference.
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Methodology 1. M-bHIPR

& RGB Features -
) %2%5%, S
3 -»E',?Qf;ﬁﬁ,-»{ % : Memory-based Heterogeneous
- v .p\L - = Identity Prototype Representation
Ush 2
o NIR Features X
” Image [C‘S ] 2 "
= "Encoder-’[ X% ] S
V n =
Push— €82 Firstly, M-bHIPR extracts diverse visual features from accessible
= modalities, and then builds modality-specific memory banks to
& IR Features store heterogeneous prototypes for each individual identity,
e Image [CLS ] ' ensuring the preservation of multi-modality characteristics.
o "Encoder"[ R e ]
Y, :
‘BDT-Lossl

Training Data
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Methodology 2. M-iOSM

Adaptive
Structure-aware Queries
o
Patches Q ] ] ]
" - l " Modality-invariant
8—=— MHA — Object Structure Modeling
L
o 8 ] '
B K&V &
gy a1
(- Afterwards, M-iOSM employs structure-aware query interactions
Patches

to dynamically distill modality-invariant object structures from
existing localized visual patches.

Structure Embeddings
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Methodology 3. L-dMMC

Language-driven

Identity Pseudo-Word (ID1-#1) Learnable Modality Prompts Missing Modality Completion
v M
‘ An image of a [X] person, who shows the [X...X] attributes. l
I‘I\Ir:;fvr:rz% An image of a [X] person, who shows the attributes.

) . . . .
An image of a [X] person, who shows the attributes. v By leveraging the textual inversion technique, the
. / extracted visual structural features are further reversed

\_055?- . ) i .
" [P Text # Memories in M-bHIPR into pseudo-word tokens that encapsulate the identity-
- Network 7 E”C;der @ relevant structural semantics with L-dMMC module.
) Identity _ _ . . .
Pseudo-Word \Lossg'/‘\ v" Ultimately, the inverted tokens, integrated with diverse
(ID1-#2) s learnable modality prompts, are embedded into crafted
_ ] textual templates to form the personalized linguistic
Animage of a [X] person, who shows the [X...}(Lattnbutes. %E‘TEH descriptions for diverse modalities.
Animage of a [X] person, who shows the attributes. > Encoder
AnimageofaBBoerson whoshowsthe A —— T v Benefiting from VLMs' inherent vision-text alignment
"gs - capability, L-dMMC produces the textual embeddings

to substitute the absent visual cues.
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Experiments Ablation Study

Table 1: The impacts of various components. We report the comparison results between different
combinations (Model B — F) and the baseline (Model A) under both modality-complete and -missing
training settings on RGBNT201. Here, ‘Modality Complete’ represents learning the modality-
complete data during training, and ‘n = (0.1,0.1,0.1)” denotes randomly abandoning 10% RGB
images, 10% NIR images, and 10% TIR images during training. The evaluations are both conducted
across six modality-missing scenarios, and mean mAP and R-1 are reported below.

Index Modules Complexity | Modality Complete »n = (0.1,0.1,0.1)
M-bHIPR M-iOSM L-dMMC |Params FLOPs|Mcan mAP Mean R-1 Mean mAP Mean R-1

A X X X 86.4M 3430 48.9 50.4 46.4 47.0
B v X X 86.4M 343G [ 51.1(+2.2) 51.4(+1.0) 47.4(+1.0) 48.0(+1.0)
C X v X 86.4M 343G | 50.2(+1.3) 52.1(+1.7) 46.9(+0.5) 48.7(+1.7)
D v v X 86.4M 343G | 53.3(+4.4) 54.1(+3.7) 49.4(+3.0) 49.8(+2.8)
E X v v 89.6M 43.6G | 52.1(+3.2) 53.4(+3.0) 47.4(+1.0) 49.7(+2.7)
F v v v 89.6M  43.60 | 54.6(+5.7) 55.7(+5.3) 50.1(+3.7) 51.3(+4.3)
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EXPel‘lmentS Comparison with Stat-Of-The-Art Methods

Table 2: Performance comparisons under modality-missing situations that only occur at the inference
phase of multi-modality person ReID on RGBNT201. | denotes the model that is trained using both

images and their corresponding text annotations. The best results are labeled with boldface. |x.x%

and |x.x% highlight the lowest mAP and R-1 drop rates, respectively. *~ indicates that the metric
1s unpublished.

Metho dsl RNT RNT RNT | RNT RNT RNT RNT Mean
mAP R-1mAP R-1 mAP R-1 /mAP R-1 mAP R-1 | mAP R-1 mAP R-1 mAP R-1

PCB 32828123'6 2421244 251199 1471206 23.6|11.0 6.8 |18.6 144 |19.7 18.1

[ECCV 2018 128.0%13.9%|,25.6%,.10.7%{].39.3% [ 47.7%|.37.2% . 16.0%|].66.5% . 75.8%|43.3% ] 48.8 %||.39.9% 35.6%

TOP-RelD ?23?6654'4 5751643 67.6 519 545|353 354[262 26.0|34.1 31.7 444 454

[AAAL 2024] 124 8% |24 9% L11.1% | 11.7%|28.2% | 28 95| 51.2% | 53.8%|] 63.8% L66.1%|].52.8% | 58.69%|].38.6% [ 40.7%

DeMo 790 82.3 63.3 65.3|72.6 75.7|56.2 54.1|45.6 46.5|26.3 24.9|40.3 38.5|50.7 50.8

[AAAL 2025] L19.9% [ 20.7%| |8.1% |8.0% |L28.9% |34 3%|]42.3% [ 43.5%|]66.7% L69.7%|]49.0% | 53.29%||35.8% [ 38.3%

IDEAT 80282162'9 - |75 - | 584 - 433 - (271 - 399 - [505 -

[CVPR 2025] 121.6% |-% |L108% |-% [127.2% |-% |l46.0% |-% |166.2% |-% |l502% |-% [}37.0% |-%

Miss-RelD) 76.9 78.9 66.6 68.2 724 755(63.2 63.8|47.2 49.5|34.5 33.3 439 44.3 |54.6 55.7

[Ours] 113.4%]13.6%| 15.9% 14.3% |]17.8%)19.1%]|]38.6%37.3%(].55.19%157.8% | 42.9% | 43.9%|]29.0% ] 29.4%
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Experiments

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

Table 3: Performance comparisons of setting different tri-modality missing rates on RGBNT201.
Each tuple (niﬂgb, Nnir, Neir ) Tepresents the proportion of randomly abandoned RGB, Near-Infrared,
and Thermal-Infrared images during training.

Tri-Modality | (0.0, 0.0, 0.0) | (0.1, 0.1, 0.1) | (0.3, 0.3, 0.3) | (0.5, 0.5, 0.5) | (0.1, 0.3, 0.5) | (0.5, 0.3,0.1)
Missing
Rate 7) mAP R-1 mAP R-1 mAP R-1 | mAP R-1 mAP R-1 |mAP R-1

RNT 76.9 789 | 723 734 | 684 712 | 682 728 | 696 722 | 67.6 67.6
HNT 66.6 682 613 61.7 576 583 567 584 56.1 584 57.6 584
RNT 724 755 | 688 726 | 658 695 | 63.6 651 | 669 69.7 | 65.7 67.0
RN 63.2 638 553 557 523 565 523 544 532 573 502 50.7
HNT 472 495 | 428 452 | 449 475 | 41.6 408 | 41.1 403 | 47.1 47.6
RNT 345 333 309 297 268 263 265 222 271 28.1 265 246
RNT 439 443 | 415 427 | 430 455 | 427 464 | 439 470 | 39.2 388

Mean 546 557 50.1 513 484 506 473 479 481 50.1 477 478
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Experiments Visualizations
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(a) Only Visual Features (NIR) (b) Concatenating RGB Textual Features (c) Concatenating TIR Textual Features
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Experiments Retrieval Result i
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Thanks for watching!

Ruida Xi



