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« Traditional Person Re-identification (RelD)
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Motivation

« ldea: Explore a unified person re- i
identification (UNIRelID) architecture
can effectively adapt to cross-modality P @g)mipm _
multi-modality tasks. | Query

= .

: “The girl was 2 ; Ith g"ll et =
Query I: \\canng~ white : Query 2: i : .:‘h?r:l:ﬁ*c\es.“phl:ﬁ . '
i Text short sleeves, pink Sketch e - ¥
o ] L i " . Query 3: Text +Sketch
 Difficulties: :
Model 1 Model 2 Model 3

Paradigm 1: Text-to-RGB Paradigm 2: Sketch-to-RGB  Paradigm 3: Text+Sketch-to-RGB

v How_to achieve rr!ultl-mod-al_feature ﬂig a‘ ﬂg
learning and multi-task training? | 1 L1 k4

v' How to balance multi-task learning @ ™ Mete®

. . . (b) Our Method
and improve generalization of i
_ R et ;0
different tasks? RN oy
Query 3: Text+Sketch ««eeveeeeees > i







Overview

Problem Description
« Given any descriptive modality image, the model can retrieve the corresponding
target photo

« Three parts: Feature Extractor, Task-specific Modality Learning, Task-aware
Dynamic Training
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Fig 1. The flowchart of our proposed method




Feature Extractor

* Feature Extraction

« employ the CLIP to realize multi-modality feature extraction and to mine the
global-level modality feature representation under transformer

« Photo and sketch (visual) modalities share the network weights
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Task-specific Modality Learning

» Research Target: Mining modality-shared features between three modalities

Main Idea: Minimizing the feature distances between various types of query
samples and gallery samples
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Task-aware Dynamic Training

€4

« Research Target: Enhancing generalization ability across tasks and domains

 Main ldea: Designing a task-aware dynamic training strategy that adaptively
adjusts for training imbalances between tasks.
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Datasets

* QOur collected datasets:
Tri-CUHK-PEDES.
Tri-ICFG-PEDES.
Tri-RSTPReid

« Obtain sketch modality method:

« Background Erasing
«  Sketch Synthesis

Datasets #ID #RGB  #Text  #Sketch
Tri-CUHK-PEDES 13003 40206 80440 40206
Tn-ICFG-PEDES 4102 54522 54522 54522
Tri-RSTPReid 4101 20505 41010 20505




Ablation Study

Tasks Methods Tri-CUHK-PEDES Tri-ICFG-PEDES Tri-RSTPReid

Rl mAP mINP| Rl mAP mINP | Rl mAP mINP

Lr_,g 52.17 51.35 4181 | 52.09 31.06 541 | 47.60 4051 23.85

TR 51.06 50.73 41.41 | 50.68 29.54 5.01 | 4755 3947 2234
w Dynamic | 53.48 53.01 43.60 | 55.04 33.06 6.13 | 49.15 41.53 24.59

w L. 5382 5343 4428 | 5539 33779 627 | 4930 41.67 24.69

Ls,Rr 58.18 4485 28.09 | 4649 141 0.20 | 31.10 17.58 4.12

SR o 80.70 7236 59.29 | 70.11 2948 282 | 60.10 44.10 20.80
w Dynamic | 84.02 76.79 65.63 | 76.15 37.73 6.05 | 64.90 50.77 27.40

w L. 84.87 78.85 6855 | 7747 4041 631 | 6580 51.22 27.47

LrsRr 6394 51.14 34.04 | 38.00 2235 498 | 5386 1321 045

T+S_R ) o 8541 78.45 6723 | 7841 3890 531 | 69.80 53.52 28.88
w Dynamic | 86.14 80.20 70.17 | 81.96 4491 855 | 73.05 5842 34.38

w L, 86.29 80.92 71.30 | 82.17 47.00 8.74 | 73.20 58.72 34.61
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Tri-CUHK-PEDES

Methods Venue R1 R5 R10
CMPM/C [10] ECCVIE | 49.37 - 7927
TIMAM [26] ICCVI9 | 5451 7756 8478
GLAM [11] AAAI2D | 5412 7545 R297
WVITAA [05] ECCV20 | 5597 7584 B352
MGEL [ 1] ICALZI | 6027  ’001 8674
DSSL[20] MM21 5998 B4l R7.56
IVT [ 0] Arxiv22 | 6559 H3 11 8921
LBUL+BERT [77] MM22 o404 R2.066 87.22
CAIBC [ 0] MM22 6443  R2.87 R7.35
LGUR [2Y] MM22 65,25  R3I12  BO.00
HTL(T—R)* - 67.13 8460 9037
UNIRelD (T—R)" O8.71 8535 90.84
Tr1-ICFG-PEDES

Methods Yenue R1 RS R10
DSSL [20] MM21 3243 5508 6319
IVT [01] Arxiv22 | 46,70 7000 TE.AD
LBUL+BERT [ /] MM22 | 4555 6R20 T7.85
CAIBC [ 0] MM22 | 4735 6955 T79.0
INTL (T—R)" - 57300 7805 Ho6.10
UNIRelD (T—R)" = 0025  TY.85 K710

Comparison with SOTA

Tri-RSTPReid

Methods Yenue R1 R5 R10
CMPMI/C [16] ECCVIE | 4351 6544 7426
SCAN[15] ECCVIZ | 5005 6965 7721
Dual Path [17] TOMM20 | 3899 5944 6841
MIA 7] TIP20) 46,49 6714 T518
VITAA [ 15] ECCV20 | 5098 6879 7578
IVT [30] Arxiv22 5604 7360 B0D.22
LGUR [ 7] MM22 59.02 7532 BLS56G
NTL{T-—+R)" - 5836 7507 KM
UNIRelD (T—+R)" nl.28 7740 Ril6
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PKU-Sketch
Ll R1 RS  RI0  mAP mINP
CD-AFL [ ] 3400 5630 7250 - -
LMDI [17] 49.00 7040 8020 - -
SketchTrans [2] 84.60 9480 9820 - -
UNIReID (T—R) 76.80 9320 9620 8057 77.83
UNIReID (S—+R) 69.80 8860 9580 7297 6825
UNIReID (T+5—R) | 91.40 9880 9980 91.76 88.97
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#% Contributions and Limitations

« Contributions

« We start the first attempt to investigate the modality-agnostic person re-
identification with the descriptive query.

» We introduce a novel unified person re-identification (UNIRelD) architecture based
on a dual-encoder to jointly integrate cross-modal and multi-modal task learning.

» We contribute three multi-modal RelD datasets to support unified RelD evaluation.

* Limitations

« Multi-task balance may be important to improving the robustness of the model in

future research
» The collection of hand-drawn sketches is a promising research direction for this

problem
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