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Person Re-ldentification (Re-1D)

Person Re-ldentification (Re-ID)

[Input]
Query image and gallery images captured
by multiple cameras.

[Output]
A ranked list of gallery images according to
similarity.

[Applications]
Video surveillance, multi-camera tracking,
forensic search

Query ) pm

Retrieve images of the same person captured by different cameras
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Re-ranking for Person Re-ID

Re-ranking for Re-ID

[Goal]
Improve the ranking quality of Re-ID retrieval results.

[Input]
Initial retrieval results generated by feature-based
similarity matching

[Output]
Re-ranked retrieval results reflecting contextual
information among samples.

[Benefit]
Significantly improves Rank-1 and mAP performance
without additional model training.

Gallery
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Features ==

Refined Ranking (after re-ranking)

Widely used post-processing technique in Person Re-ID
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Re-ranking Methods

Feature Refinement-based Re-ranking

Similarity Refinement-based Re-ranking
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Original features — Original Graph Refined N

gl fesures) " features

( cosine similarity )

Refined Target N? similarities (distance) : N features
Example Methods k-reciprocal, ECN GCR, Cheb-GR

! Context-aware feature enhancement.
Strength Direct ranking correction. ' Flexibility for incremental retrieval systems.
Limitation |  Context is reflected only in similarity scores. : Neighbor / graph quality is critical.
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Evolution of Feature Refinement-based Re-ranking

Graph based methods

GCR [TMM23] Cheb-GR [cvPR25] ADGR(Ours)

Neighbor selection Neighbor selection

Statistical Thresholding Adaptive Thresholding

Neighbor selection

k-NN Search

Graph Construction

Graph Construction Graph Construction

Density-aware Re-weighting

Feature Propagation Feature Propagation

Feature Propagation

©@High accuracy ©Fast processing ©Fast processing
@Expensive k-NN search @Unstable neighbor selection @Stable neighbor selection

How can we achieve both fast processing and stable neighbor selection?
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Overview of ADGR

7 =
1. Features =
Extracted feature vectors — :

. —— fn

~

Input feature vectors of query
and gallery images.

(2. Similarity Matrix

Compute pairwise similarities

I Low

-

i

J
N
Build the initial similarity

matrix and obtain the initial
ranking.

3. Adaptive Threshold Control
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i
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(Select Neighbors)
Select reliable neighbors

J
\
Adaptively determine the

number of neighbors
for each sample.

\_using adaptive thresholds

e .
4.’ l.)en.s'ty awarfe . Before( Z%{ Re-weight similarities based
Similarity Re-weighting on local density to achieve

Adjust edge weights ‘ After L 7<

J
~

balanced propagation.

\_according to local density
K * | e |
> ST B! IR R — Propagate information
Propagate features on = through the adjusted graph
\the adjusted graph — to refine feature vectors.

J
N

J
N

' . ——

6. Refined features —§& s Obtain refined features that

Output refined feature vectors = ' . encode contextual '

: 1 information more effectively.

\_ — fy )
(- N

7. Re-ranked Results -

Compute similarities with » A & = N Produce the final ranking

refined features and obtain I ‘ I I | | | using the refined features.
\final ranking : T e s o - y
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Overview of ADGR

[ = f B g R
1. Features =7
Extracted feature vectors — : Ity . Lnn%u;;ﬁzgrﬁn\;zcégrs of query
\_ —— /v e Y,
& imi i 1 T e High )
2. S'mllarlty Matrix EEEEEEEEE Build the initial similarity
Compute pairwise similarities EER | matrix and obtain the initial
'; R Low ranking.
\ s — J
3. Adaptive Threshold Control [/, : : h
] Adaptively determine the
(Select Neighbors) number of neighbors
Select reliable neighbors for each sample.
\_ using adaptive thresholds )

—~

Adaptive Threshold Control

Stabilizes neighbor selection across
different datasets and feature extractors.
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Overview of ADGR

wiiklerd Density-aware Similarity Re-weighting

Adjusts propagation weights
according to local data density.

(" . )
4:’ l’)en.sny awar.e . Re-weight similarities based
Similarity Re-weighting on local density to achieve
Adjust edge weights balanced propagation.

\_according to local density Y,

[ * — \
5. Graph-based Propagation = Propagate information
Propagate features on c through the adjusted graph
the adjusted graph i to refine feature vectors.

- J
( f1 )
6. Reflned features = ::.:'0 i Obtain refined features that

Output refined feature vectors = : & . encode contextual
: e information more effectively.

\_ — fy )

- R
7. Re-ranked Results
Compute similarities with | X BeS| == o =S Produce the final ranking
refined features and obtain I ‘ I l using the refined features.

\flnal ranking 1 R e e y
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Overview of ADGR

(1. Features = )

Extracted feature vectors — : 57 & Input feature vectors of query Key Idea 1

1 -.:"'. ..’:.. and gallery images. R

g — ST ) Adaptive Threshold Control
/7~ . . . . . N\

2. Similarity Matrix High R . . :

; arity ' U Build the initial similarity Stabilizes neighbor selection across

ompute pairwise similarities matrix and obtain the initial .

L low | ranking. ) different datasets and feature extractors.

Sl H‘} Adaptively determine the
= number of neighbors
for each sample.

(3. Adaptive Threshold Control
(Select Neighbors)

Select reliable neighbors
‘\\‘ ’/ll

\_using adaptive thresholds ) y
(4. Dens x
.. [.)en.slty-awar.e . Before[ Z%[:%{ ’% @w Re-weight similarities based
Similarity Re-weighting e on local density oachieve | D@nsity-aware Similarity Re-weighting

Adjust edge weights ‘ After 7< H balanced propagation.
\_according to local density | J d . . h
4 — — A Adjusts propagation weights
50 Graph-based Propagatlon E WV E Propagate information -J ] p p g g .
Propagate features on = Sfoeg = | through the adjusted graph according to local data density.
\the adjusted graph i AN to refine feature vectors. )
{ 1 = fl ®oo0 \
6. Refined features m— /2 23 ‘ Obtain refined features that . .
Output refined feature vectors == : ¢ o3 . encode contextual ' FaSt pI‘OCESSII‘Ig Wlth
: A information more effectively. o "
\ =1 / stable neighbor selection and

(7. Re-ranked Results

Compute similarities with BE| (= = = Produce the final ranking effECtlve featu re pI‘O pagatlon
refined features and obtain | g | using the refined features.
1 2 3 4 5
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Adaptive threshold control for neighbor selection

Method Detail )

Fixed A (Cheb-GR) [" distance Ay = = =%, ]
.
A fixed A-based statistical [2' Initial threshold Ti = — AO’i
threshold may lead to
unstable neighbor counts.
- J
Distribution of threshold- a I
selected neighbor counts Before
Cnean : 31.96\) ‘%}
. std :22.15/
2w \_ num: 13 5 3 9 J
o 20 40 60 ! 3 2 )
Number of neighboy
( Too many selected neighbors )
High variance
\ in neighbor counts /
Query o Selected Non-selected —— Threshold ___ Init
sample neighbor neighbor resho threshold © 2026 Toshiba Corporation 10




Adaptive threshold control for neighbor selection

Fixed 1 (Cheb-GR)

A fixed A-based statistical
threshold may lead to
unstable neighbor counts.

Distribution of threshold-
selected neighbor counts

Cnean : 31.96\)
std

: 22.15/

600 1

Frequency

0 20 40 60

Number of neighboy

( Too many selected neighbors )

High variance
\ in neighbor counts

)

4 . N\ v
\1. distance Aij = ”xi B xj”z ) [4. Control lambda . _ A sk b
g . N e }\ll’, ni> k
2. Initial threshold Tl = U — /10'1 9 li =o(n; — k)lrange +1 _Elrange
‘ . . A & 8
3. Count ni n; = |{j|Aij < Ti}l 5. Adjust threshold T, = u; — A;0;
\ ’ %
4 I
Before
\_num: 13 3 2 /
Adaptive threshold control
(reducing excessively selected neighbors)
é -
After

5 18

\_ hum: 3
Query Selected Non-selected . ___ Init
sample o neighbor neighbor Threshold threshold

Our Approach

Adaptive 4; (ADGR)

control balances neighbor
counts across samples.

Distribution of threshold-
selected neighbor counts

mean : 24.45
td

Adaptive 4;-based threshold

: 14.82/

g

Frequency

o 20 40 60 80 100 120 140

Number of neighbors

are suppressed.

<Excessive selected neighbors>

"

J
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Similarity Re-weighting for propagation

Uniform propagation
ignores local density

4 )

- J

Dense region
Too many neighbors
— over-smoothing

4 )

AN

- J

Sparse region
Limited neighbors
— weak propagation

Need density-aware

Method Details

1. Similarity

A;; = exp(=4i /)

)

[2. Local density

b
Di =ZA\U
J

}[3. Propagate X.,; = D"Y/2AD~1/2X, ]

propagation weights
S J

. %

4 I
Before %{ - /ﬁ

\ /
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Similarity Re-weighting for propagation

Uniform propagation
ignores local density

/

\

J

-
Dense region
Too many neighbors
— over-smoothing

4 )

AN

.

Sparse region
Limited neighbors
— weak propagation

J

Need density-aware

Method Details

Balanced feature

1. Similarity A;j = exp(—4;;/v) 4. Re-weight Al = Aijai
\ / :
. =7 N -~ '
' : =N A s ~ )
kz Local density : Z,— g | | 5. Propagate  X.,; = D"Y/2A'D"1/2X,
b o
- . A - . a; >1— weaker
3. Scallng faCtOr a; = (D )arange +1 _E Qrange \ 0< AU <1: a; <1— stronger /
\S ’ 7/
- D
Before %{ N\
\_ J

propagation
4 )
. J

Density-aware similarity scaling
(stronger in sparse regions,
weaker in dense regions)

-
After

propagation weights
S J

A

.

\

Dense region
weaker weights
reduce excessive influence

4 )

D

\_

Sparse region
Stronger weights
use reliable neighbors

J

&

Our Approach

J

O Query sample

O Selected neighbor

— Edge ()
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Overall Algorithm Flow

Input C Adaptive threshold control for neighbor selection A
Original features

X; = {X1,Xy, ..., X
t = {X1, X2, ., Xy} 1. Distance 2. Initial threshold 3. Count ni 4. Contr}t\)lrllainll:da 5. Adjust threshold
L=
, A = n>k '
”Xl_X]” = |{jla; < T} o Ty = w —Xo;
li =o(n; - range+1__lrange

A
Slide 7 component

(&

e —
—

Similarity re-weighting for propagation

Prune edges 7. Similarity 8. Degree matrix 9. Re-wei%ht
A A i
Aij, A T, ) ) 5 J Ajj = Ajj
L. = —_ .. . = . 1 1
oo otherwise Aij = exp(=4y/y) ' z iy a = a(Di _NZ Di) range + 15 Arange

L Slide 8 component

10. Feature Propagation

Xt+1 — D_l/ZK,D_l/ZXt

1

s

Output
Refined features Re-ranked Results
Xit1
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Experimental Setup

The experimental setup is designed based on Cheb-GR for fair comparison.

Feature Extractors Compared Methods Implementation Details

—
Market-1501 (M) AGW Feature aggregation 1:42~60
(Z;&ns% L etal. [Scalable person re identification: A benchmark] Ye, M et al. [Deep learning for person re-identification: A survey Chum, O et al. [Automatic query expansion with a ® AGW
u e r . 3 3 68 and outlook.] (2021) Q E generétive feature model for object retrieval.] (2007) }\ - 60/53/60
query .5, R P : for M/D/C
gallery :19,732 NIEYIN: Similarity refinement - TransRelD

ID - 750 A = 5.3/4.3/4.2

LV (2) GeM C Zhong, Z et al. [Re-ranking person re-identification with k
ResNet50 Backby D1 K R

"; , oss reciprocal encoding.] (2017) for M/D/C
gt TP\, N ECIN i et it axpanied coss
ﬁ“ 69oftxt conv g N neighborhood re-ranking.] (2018) .
D u ke MTM C_ rel D (D) X {1 x 1 cons}— (1) Non-local Attention (3) Weighted Regularization Triplet v ° O°2
Ristani, E et al. [Performance measures and a data set Featu re tra nSfO rm atlon /
for multi-target, multi-camera tracking.] (2016) . k . 'I 5
. s propagation follows the
q U e ry . 2, 2 28 L Luo C et aI [Spectral feature transformation for person re- Cheb-G R
allery : 17,661 TransRelD BR ‘icions T:3 .
g y ) ! He, S et al. [TransRelD: Transformer based object GCR Zhang, Y et al. [Graph convolution — setti ngs

re-identification ] (2021) based efficient re-ranking for visual retrieval.] (2023)

ID : 702

Yarjg, Jetal. [Cheb—GR: Rethmking K-nearest

Tra n Sfo rmer- ba sed ba C kbo ne Ch e b - G R Ne_|'ghbo'r'Sea'rch in Re-ranking for Person
k Re-identification.] (2025) j l . O 3

range - .

CHHRO3 (). o G Gl - - For adaptive threshold control
person re-dentncation, Gora o | | == : Evaluation Metrics or adaptive threshold contro
:' i ) \ [cls] embedding = . ] >

query . 1,400 o CMC(Rank-1) Arange - 0.8
gallery :5,332 - mAP Similarity re-weighting
ID : 700

o

* Processing time

GPU:NVIDIA A100, \ /(é
\ CPU:Intel(R) Xeon(R) Gold 5215 CPU @ 2.50GHz j




Comparison with Existing Methods on AGW

ADGR achieves a better accuracy-speed balance

mMAP improvement

7.0
6.5
6.0
5.5
5.0
4.5
4.0

3.5

than existing re-ranking methodes.

Base  |Method| Venue Market Duke CUHKO03
mAP Rankl Time|/mAP Rankl Time/mAP Rankl Time
(o) (%)  (s) [ () () (s) [(B) (%) (s)
- TPAMI21(88.29 95.31 - 179.60 89.27 - [62.16 64.43 -
® QE | ICCVO07 [91.68 95.55 0.9 |84.92 91.25 0.8 [69.32 65.36 0.6
B KR |CVPRI17(94.71 95.93 98.4 (90.25 91.74 100.4|75.81 71.93 33.0
AGW AECN | CVPRI18 (94.85 96.26 78.9(90.60 92.55 79.2(75.97 72.79 9.9
®LBR | ICCV19 |91.78 95.96 0.8 [84.58 91.70 0.7 |68.71 67.64 0.6
+GCR | TMM23 [95.22 96.79 6.9 |{90.11 92.73 7.0 |82.73 82.29 2.2
8Cheb | CVPR25(92.94 95.84 1.2 [86.57 91.83 1.3 |70.71 68.86 0.6
*Ours - 94.25 96.05 1.3 |89.37 91.88 1.4 |72.23 70.43 0.6

AGW / Market

GCR

AGW: Processing time VS mAP improvement

—
10t

Processing time (sec, log scale)

AGW / Duke AGW / CUHKO3
ECN GCR
AT 7 . +° 4u® 207 *
= 2 10 @ £ 18
(] ()
E’ . § ] ECN
o o . KR
é— 5 E 14 m
Cheb 12
< < 10 ;
E o1y E g % ’
LBR 71 @¥r
T 5_';% T T 6_"'% 1
102 10° 10! 102 10° 10!
Processing time (sec, log scale) Processing time (sec, log scale)
Reranking method
@ QE Wl KR A ECN 4 LBR o GCR ¢ Cheb sk Ours

© 2026 Toshiba Corporation 16



Comparison with Existing Methods on TransRelD

ADGR achieves a better accuracy-speed balance

mMAP improvement

5.0

4.5

4.0

3.5

3.0

2.5

than existing re-ranking methodes.

Base  |Method| Venue Market Duke CUHKO03

mAP Rankl Time|mAP Rankl Time/mAP Rankl Time

(%) (%) () [ (B) () (s) [ () (%) (s)

- ICCV21 [88.99 95.22 - [82.11 90.71 - |78.08 79.64 -

}OQE ICCVO07 |91.80 95.40 1.1 [87.27 92.73 1.2 [82.89 81.29 0.5

B KR |CVPRI17(94.10 95.58 102.8(91.33 92.68 106.3(88.04 86.36 35.0
TransReID AECN | CVPRI18 [94.01 95.61 81.6(91.48 93.13 82.3 88.08 86.86 10.5
®LBR | ICCV19 [90.84 94.27 1.1 |86.58 92.37 0.9 [80.14 79.21 0.7

+GCR | TMM23 |93.63 95.67 7.7 [89.78 92.24 7.9 [89.61 89.43 2.5

#Cheb | CVPR25 (93.23 95.22 2.0 [90.37 92.73 2.1 [87.10 85.57 0.6

* Ours - 93.84 95.75 2.1 [90.84 92.46 2.2 [88.20 86.21 0.6
TransRelD: Processing time VS mAP improvement

TransRelD / Market

2.0

TransRelD / Duke

TransRelD / CUHKO3

S AEﬂFR 0 AEC.N“" 127 -I-GCR
GCR n
. + = £ 10 @ A m”
® eb o | o 2b
c 8 GCR IS
() + Q 8 -
> >
o 74 o
£ £ 6-
.QE T 64 .y .QE
E e E 4
_ @
LBR > LBR LBR
|’ 1 T T R 1 2_""'I T
10° 10! 102 10° 10t 102 10° 10!
Processing time (sec, log scale) Processing time (sec, log scale) Processing time (sec, log scale)
Reranking method
@ CE [l KR A ECN ¢ LBR &= GCR ¢ Cheb sk Ours © 2026 Toshiba Corporation 17




Effectiveness of adaptive threshold control and similarity re-weighting

Both components contribute to performance improvement,

and their combination achieves the best overall results.

Market Duke CUHKO03
mAP Rankl| mAP Rankl| mAP Rankl
()  (R) | (B)  (B) | (B) (%)
92.94 95.84 [ 86.57 91.83 |70.71 68.86
v 93.01 96.05|86.67 91.97|70.80 69.00

v 194.06 95.96 [88.92 91.56 |72.17 70.36
v v 94.25 96.05(89.37 91.88 [72.23 70.43

A;: Adaptive threshold control Base [A;|a;

For adaptive threshold control

a;: Similarity re-weighting
Similarity re-weighting

AGW

w/o A;, w/o a;: Neither adjustment is applied
(Cheb-GR).

w/ A, w/o a;: Only adaptive threshold
control is applied.

» Both components contribute to performance improvement.

« Similarity re-weighting has a strong impact on mAP.
w/o A;, W/ a;: Only similarity re-weighting
is applied.

w/ A, W/ a;: Both are applied (ADGR).

 Full ADGR achieves the best overall results.
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Parameter Analysis

ADGR maintains strong performance over practical parameter ranges.

Sensitivity to A A controls the initial threshold.

ADGR generally maintains strong mAP
performance across practical A values.

73.0
72.5
72.0
715
71.0
70.5
70.0
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68.5
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-
-

—m———
————
-
-

4 42 44 46 48 5 52 54 56 58 6 6.2 64

CUHRO3

\/\/\/_/\’\/\A

4 42 44 46 48 5 52 54 56 58 6 6.2 64

92.5
92.0
91.5
91.0
90.5
90.0
89.5
89.0
88.5
88.0
87.5
87.0
86.5
86.0
85.5

- —————— -
" Seemao
- -
-
-
-
-~
-

e seem—e-——- -

4 42 44 46 48 5 52 54 56 58 6 6.2 6.4

~=== Cheb-GR mAP
——— Cheb-GRrankl
==== Qurs mAP
Ours rankl

Sensitivity to T

T controls the number of
feature propagation iterations.

ADGR achieves strong performance
with only a few propagation steps.

AGW

97
96
95
94

92
91
90
89
88
87

78
76
74
72
70
68
66
64
62
60

Market

93

P 89
P 87
’I"a
0 85
/””’
0 83
'0
e 81
79
0 1 2 3 4 5 6 0 1 2 3 4 5 6
==== Cheb-GR mAP
__________ ——— Cheb-GRrankl
==== Qurs mAP
— Qurs rankl
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Conclusion /

ADGR enables fast, stable, and accurate graph-based re-ranking.

1. ADGR Framework
- Adaptive threshold control
Stabilizes neighbor selection without k-NN sorting.
- Density-aware similarity re-weighting
Balances feature propagation according to local density.

2.Extensive Validation
Validated on multiple feature extraction models and benchmark
datasets, demonstrating effectiveness and robustness.

3.Accuracy and Efficiency
Achieves higher accuracy than conventional statistical methods while
reducing computational cost compared with k-NN-based approaches.
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