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Background

Visible-Infrared Person Re-Identification

<&

Visible Camera in the day Thermal Camera at night
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Learn a cross-modality RelD model on a set of visible-infrared images with identity labels




Problem

Modality gap primarily caused by critical information absence

,{A man wearin l
| a blue coat..

Traditional Setting Target | Our Setting

Search
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Query

O Traditional VI-RelID O VI-RelD w/ heterogeneous text

X Critical information absence in the v Enhance the infrared modality by
infrared modality, e.g. color auxiliary information

X Significant modality gap v Bridge the modality gap with texts



Motivation
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Existing methods rely on human description, complex prior-info dependent modules to
compensate for the infrared modality.

V Developments of VLMs and LLMs motivate us to propose a VI-RelD framework driven by
Large Foundation Model (TVI-LFM). The basic idea is to enrich infrared representations
with automatically generated heterogeneous text.



Framework

( Modal-Specific Caption |(
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Methodology

Modal-Specific Caption (MSC):

A boy with pants ...

A boy with green pants ...

MSC introduces fine-tuned VLMs as captioners to automatically generate heterogeneous
text from visible and infrared images, and utilizes LLM rephrasing for text augmentation.



Methodology

Incremental Fine-tuning Strategy (IFS)

IFS incorporates a pre-trained VLM to extract features from text generated by MSC, and incrementally fine-tunes the
text encoder to minimize the domain gap between the generated texts and the original visual modalities.

* Semantic Filtered Fusion (SFF)

Target description Generated filter

a boy with short black a boy with short hair
hair wearing a round wearing a round neck,
neck, short sleeves red short sleeves t - shirt | —
F| t-shirt with grey T with jogger pants,
Jjogger pants, paired paired with shoes,

with green shoes,anda  and a bag on his back.
black bag on his bajl)

* Modality Joint Learning (M]JL)

Target description Black hair
a boy with short black - -
hair wearing a round ﬁed{-shiﬂ

neck, short sleeves red

t-shirt with grey ~ <{o—) Grey pants
jogger pants, paired ;
with green shoes, and a .
black bag on his back. I
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Methodology

Modality Ensemble Retrieval (MER):

Forming ensemble query representations for improved retrieval.

U.tlllze complelp.entar.y strengths from { BN Target description [EEETE
different modalities to improve the query ' " aboy with short black w

. | / — hair wearing a round ed t-shirt I
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larger inter-class distances.



Experiments

Comparison with Stat-Of-The-Art Methods Ablation Study

Table 2: Comparison with the state-of-the-art methods on the proposed Tri-SYSU-MMO1.

Methods Vente Type All Search Indoor Search I+T— R Tri-SYSU-MMO1 Tri-LLCM
R1 | mAP [ mINP || R-1 [ mAP | mINP B SFF MIL LLM MER R1 mAP  mINP R1 mAP  mINP
Zero-Padding [46] ICCV-17 14.80 15.95 - 20.58 26.92 - v 72.52 69.15 55.93 52.63 58.82 55.43
fnfé%ig ﬁ‘éﬁ:i: ;233 ;j;g ] j‘l‘z ig‘l’z ] v v 7700 7373 6150 | 5473 6095  57.64
AlignGAN [43] ICCV-19 4240 | 40.70 - 4590 | 54.30 - v v v 83.97 80.40 69.46 56.76 63.58 60.35
AGW [59] TPAMI-21 4750 | 47.65 | 3530 || 54.17 | 6297 | 59.23 v v v v 84.17 8072 70.02 | 57.13  64.06  60.72
DDAG [58] ECCV-20 5475 | 53.02 | 3962 || 61.02 | 67.98 | 62.61 v v v v 84.88 81.32 70.57 57.09 63.87 60.62
CM-NAS [12] ICCV-21 I—-R 61.99 | 60.02 - 67.01 | 72.95 - v v v v v 84.90 81.47 70.85 58.19 65.08 61.83
DART [53] CVPR-22 687 | 663 - 820 | 73.8 -
CAT [57] ICCV-21 69.88 | 66.89 | 5361 || 76.26 | 8037 | 76.79
DEEN [65] CVPR-23 7470 | 71.80 - 80.30 | 83.30 -
SAAI[10] ICCV-23 7590 | 77.03 - 83.20 | 88.01 - . = .
MSCLNet [64] ECCV-22 76.99 | 71.64 - 7849 | 81.17 - Vlsuallzatlon O Gall samples A Query samples
SGIEL [11] CVPR-23 77.12 | 7233 - 82.07 | 82.95 -
PartMix [20] CVPR-23 7778 | 74.62 - 81.52 | 84.38 - 8,
YYDS [9] Arxiv-24 | I+T — R || 7460 | 7035 | 5601 || 81.35 | 83.64 | 79.56 N
VI-ReID Backbone - ISR 69.89 | 66.74 | 5334 || 7691 | 80.64 | 76.70 s, ™ ea
TVI-LFM - I+T—R || 8490 | 8147 | 7085 || 89.06 | 90.78 | 88.39 I ., w;*
. . . 6V e an %
Table 3: Comparison with the state-of-the-art methods on the proposed Tri-RegDB and Tri-LLCM. LR Y
Methods Venue Type Tri-RegDB Tri-LLCM : s =
R1 | mAP [ mINP || R1 | mAP [ mINP (d) TVI-LFM Distribution
DDAG [58] ECCV-20 68.06 | 61.80 | 48.62 || 403 | 484 -
AGW [59] TPAMI-21 7049 | 6590 | 5124 || 436 | 518 | - ][ e i o= e
CAI[57] ICCV-21 IR 848 | 778 | 6156 || 488 | 566 - )
DART [53] CVPR-22 820 | 738 - 522 | 59.8 -
MMN [66] MM-21 875 | 805 - 525 | 589 -
DEEN [65] CVPR-23 89.5 | 834 - 549 | 629 - :
YYDS [9] Axiv24 | I+T — R || 9095 | 8422 | 70.12 || 58.13 | 6491 | 61.77 :
VI-RelD Backbone - ISR 89.51 | 83.51 | 69.65 || 53.53 | 59.77 | 56.40 S SRR o we o e e T we e
TVI-LFM B I+T— R || 9138 | 8592 | 72.73 58.19 | 65.08 | 61.83 (e) Initial Distance (f) VI-RelD Backbone Distance (g) Baseline Distance (h) TVI-LFM Distance




Thanks for watching!

Zhangyi Hu



