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Abstract  Benefiting from its comprehensive measures of ranking performance, Average Preci-
sion (AP) has become a widely used evaluation metric in computer vision tasks, such as long-
tailed classification, image retrieval, and object detection. Recent methods propose direct AP op-
timization algorithms to narrow the gap between training objectives and evaluation metrics.
However, limited by the non-decomposable AP risks, the majority of existing AP optimization
methods suffer from unstable losses, i. e. , changing one sample might lead to large jitters in loss
estimations. Such a property reduces the generalization since the expected/empirical risk gap
might be affected by a few abnormal samples. In this paper, we aim to explore a generalizable al-
gorithm for stochastic AP optimization. To overcome the unstable issue, we first derive a surro-
gate objective with a weighted pairwise formulation from a tight upper bound of the AP risk.
Theoretically, we provide a generalization analysis for the proposed surrogate objective. Then a
stochastic optimization algorithm is designed for our surrogate objective with a provable conver-

gence. Practically, comprehensive experiments over 7 benchmarks of 3 tasks speak to the effec-
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tiveness of the proposed framework and the soundness of theoretical results.
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G3 A D ST ] 43 A SR RS B0 I 2R XT?PE
EBAEE FEF Moe (0.1, FRUED1
R AE 28 BT

R () <

‘ _
i JFG,‘

‘R’ (H) = {%up cw ()¢,

I M
I M=

+ 4
95 . 901 9°°°

N‘»Q

(f?'LU)

[

< 2qP

" o (H)

N"Q

Rg(f, )+

¢'pB. B, [24 o+ 1/ 1
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I A 0 1 R A2 T 95 A 1L 1 Tl E 3 T J2
T B (958 3 H B (R L A7 A2 — 5 M7 L 7 B4 40 B
S A S L S g A ABL AT

ARG R B br il K R R o 2K X
SAMAEAE S FRUE T TR AP AR .
7.1 BEBEER
7.1.1 SR E
7.1.1.1 HudE4E

A SCHE = AN 7] G188k L B ASE 358 R 1) s oA TR A
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. 5 SOP H#s 42 2 ol 38 16 b vf 9 00 3K 4 % 45
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SOP ¥ #s & AHIA]
7.1.1.2  SCERAE
(1) M4 450, FeAE 42 IS R A ResNet-50 42
41 JF B ImageNet— 1k |- Tl 5 (1 452 A0 A
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HR % AR SC Iz A 43 BT, B8 22 B P R 5 R /NTE
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AR o AR SCIN A o X6 D 2 PR A T 0000 e A 2 2
(4, R R MR f 0 22 B R v s U {5 B 2L,
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SR, IR A A5 FE A B B A% . AR SCHE ResNet
(14 55 S T 1> B B R AR i TR A s 3 1 5 41 o R /N 4
T J5k 1 0 £
(OB S B . 25 P 5 RR AR 1 e
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j —2z/t+ 1,2 <0,
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RIEERECEA LU B 15, 02 0, B3, B
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A7 85 B LA 3B s Uk, 57 O 4 2k AR Eian o<
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HEE RIEEE 1 NS, X Rz R
SR ETE N,

O u . eI ZRB B, SR RS 3
256 X 256 , 3l it B 1 RS G R 7 YT SR AE A AL

Mk 75 %= 5

BE ML BN (50 %0 B ME ) |\ BEHLIEFE (LA [— 15°,
15 ) MBEHLER T ( 224 X 224), FER A 1 PR
it A v ) g B, Hovh A =0. 01, 8 p=0. 9,3 i%
B s =1 LUH H Nesterov il ., JnAL e b ()8 =
BEN a=0.1,=2, L R/NEER 112,014
AN PR BME AT 4 DR, 2E )R o AR
BABAE AR RS LRI IE ., RibF S
AR X T SOP 4l 46, 2% > RHIR{E N 0. 003,
FCH RN 4 < 107,78 60 k H1 80 k YR iEAUHT F 5
0. 1.5 REAWEHN 100 k; 3T VehiclelD %2
B2 AR N 0. 01 BLE LW N 4 X 1077 1E
120 k Fl 150 k WRIEACHF R0 0. 3. e KEAR KA N
160 k; X} TF iNaturalist ZXIE &, = Bt E N
0. 001, ALHEFEW A 4 X 10 °,7E 150 k 1 220 k ik
FRBF 208 0. 3, | REARIRECH 270 k.

(5) [ R 43 . ARG 2R ) 5 m] R Sy 24 o 45 91
FEANE ]y S5 — o 2l . Bk, 4508 Q M4
W (g, i ARGEE PEARYE B 5 A& g, AR5
HEATHE (e = U e A
Y5 B B g R A 5 -1 4 ) R R ik 18 £ Ak B
T oA T SRR A 3 B 358 2 22 A

O IPAL bR . HIIUE AP LA PERE , % Al
mAP f845, BT A A AP /5 (E, HikH,
YRR Q AN {q, by RIUAH L A 0 3k IR L R AIF 4
HEE m 1 mAP $8FRINF .

mAP(m)

1 ii Sl (D = f )

QEE D b (et —fixh
Hp, fo)=m@) " m(x) R m, =1, G
DATE B R AR A R ATF 58 R SR iR 45 T Recall
@K 5., HEEX L Recall@K & X 54 25
R AR, #E B R T Recal@K /&
REL—NIEFIERT K 2508 P HER R, Bk
BN

Recall @K (m)

Q e
=521 (D1 [rank (xiH < K]>0] .
k=1 i=1

7.1.1.3 XftHTEk

Sk B UE BT 5 1 7 9 AE AR 2 A A AR Sk
B RN X 4R . D F R RE AR R
Bk D HE XTI 28 (Contrastive loss)™ . =04
12 (Triplet loss)"™ 122 41U B (Multi-Similari-
ty, MO FIR s @ % FREAHEF 01K I 500k AL 4%
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SmoothAP™ Deep Image Retrieval (DIR)'""  Fa-
stAP"™) SoDeep ™ Fil AUC ", Hitf i AUC 418y
EExt AP #ARiAl ; @ B & At ik
7.1.2 ERAERAT

(1) FZLER IR L an € 2 FioR, ol A
HOEEAS DL 25 25 5 - OF Fir A i 8 46 b, AR S
JRAE 1 T B TE mAP 5 b5 b B R AR TR A R LTy
2. BRI, B i J5 ¥k 48 SOP. VehicleID Fl
iNaturalist 3045 45 b 20 3 b fe AR L 48 oy B &
3.8%.0. 9% F 1. 2% . X I UE T A ST 2 AR e
AP AL 2 0] LUE A 3 AR T+ AP #8845, BLah. BT

Pt A RO TE 2 Bl AR B B — 2 SRk
TR RRE R W . @ R TE SOP Al
VehicleID ¥t 4 [, F F a6 BE A #8214 7 B 78
Recall@1 FHAG T4 AW & 8P BE (575 H Ml 35 b5
RS R AR AR . AT LLE . RO R A O TG
1 Recall@1 2 5 HEMK Top-1 F8FrtERE.
P2 H A 7 3 AT L T Gt SF- A R A 1 R L R )
BT AP RALRY Ik . O3 THEAHE R R 7E R
FAE AN - 7 B0 88 4 iNaturalist FEUES BB B A
PEREFE T, XKW AP PLfb B & T ™ 5 AV 1Y
B AG oA

®2 BEBHRZINEEER

SOP PKU VehicleID iNaturalist

X He 75 12 AP R@1 R@10 ANLNERTN EPE‘_”IIH‘/?\ pNCRER 7 AP R@1 R@4
mAP R@1 mAP R@1 mAP R@1

Contrastive loss " 55.50 75.59 88.09 69. 05 79.92 61.28 74. 81 54.42 68. 44 23.41 49. 05 67.04
Triplet loss £7o] 57.94 78. 26 90. 16 79.51 93. 56 75.38 92. 20 71. 86 90. 81 27.67 56. 27 73.91
MS loss ™! 57.67 77.33 98.59 70. 14 80. 86 62. 74 76.33 56. 25 70.59 25.94 53.70 71.02
SmoothAP"? 59.10 79. 16 90. 78 79.90 94.12 76. 46 92.72 72.08 91.12 29. 48 59. 40 76.01
DIRM?! 58. 54 78.65 90. 49 80. 49 93.79 76.99 92. 60 73. 14 91.08 29. 26 59.19 75.92
FastAP™) 56. 44 76.52 89. 20 81.13 94. 39 77.13 92. 64 72.59 90. 50 26. 45 51.50 69.41
SODccijJ 55.51 76. 40 88. 94 61.00 74.57 53. 26 68. 47 46. 38 61.50 20.42 45.32 64.72
AUC Sigmoid™ | 55.96  76.91  89.68 | 75.28  90.93 | 70.70  89.00 | 65.39  85.65 | 24.29  56.20  74.30
AUC-Huber ™ 57.50 77.98 90. 45 75.42 91. 34 70.58 88. 62 65.51 85. 44 26. 04 57.76 75.62
BlackBox!™ 58.19 78. 14 89.95 81.74 94. 04 78.07 92.98 74. 16 91.29 27. 64 54. 45 72.14
Ours 62.89 81.57 92.37 82.63 94. 55 78.99 93. 30 75.13 91.62 30. 54 61.12 77. 66

W T A B ALY 3L T ResNet-50 S0,

=)

(2) 4% & — 13 [l K (Precision-Recall, PR) Hi £k ;
T EOULHL AN PR R B AR B BB L, B 3 ()
2246 T SOP 4t 48 11 PR i &, N al LLE
AR SCE 0 T ARG R A ] R  RIR T RE AY

FL A
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1.0 0.80
038 \ 075} e,
=2 0o C ontrastive 2 070} Ours
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Sk 255 e
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il 255 i il R i

(c) A~ [tk L Ao i S
G NG E S S N PR et
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I 9 NI B 5 R S P 21 R (R .

FastAP %5 75 2 B CSGH BE , 7T LA A SCRT 3 1 O
BHAERA USRS B 3 (o) BT (D BIR
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(R B OB B 5 A S B A AT — B0 B 4 R
BH L 34 Lm0/ BE BL T 25 Y B AL T 22, <
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2 R I [6) — 224, B ) HEWTFE A . %8 T DIR
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KO n) JARRITEAER A X DIR 4 5, (HAH 42
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AR, ARTFEE RS H A D AR TR il T R



9 i

TR 2 - 2 T R0 B AU 2R B T3z A6 1 H40Rs JE 1 1k

2105

G B RGN W AT 36 CR B 1000) , 5 78 7T 42 52

x3 EHiEFmEEE.

7.1.3 M@

R T WG BT AR O R S TRl R A AR L A S AR
SOP F iNaturalist ZCHE4E T FF 5 Bl 67F 5 . 45 2R
x4 PR,

e BEEL L BREE COTEGIAME T 0, 31745 587 S . iz 30 4
HE W & 4% N N—_— TR N "
FTUEBH , LAY 3l 35 5 Al 3 ¥ 1E AR AR 3 B0nT LA

S hAP 246 40 528 814 . o N e o ,
mooth HRER LS, iR 2 ey 14T R 3
DIR? 248 1.2 473 722 e g L N

; 756 2 A7 FIEE 5 ATl AL [ 0, 253 mAP 7E

FastAP- 247 29 169 745 ] ) .
= SOP Ml iNaturalist b 4r BIFEAE 1. 5% M 1. 2% . X

BlackBox!™ 248 40 472 760 . . .

i JE W IE B 4905 0 A R A T T S 500y, 5 A SOy
QOurs 248 57 534 839 . .
R
F4 AXRHEZFRAARARNERIRER
- SOP iNaturalist

xpg SE , , ]

o M8 21 imA t R@ R@

%%  #Ho, DFM  HUE mAP R@1 R@10 100 1000 mAP R@1 R@4 R@16  R@32
1 2 60. 01 79.53 91. 37 96. 55 98. 85 29. 21 59. 23 76. 37 87. 24 90. 97
2 J 2 61. 40 80. 73 92.03 96. 63 98. 88 29. 39 60. 43 77. 24 87. 86 91.51
3 < 2 62. 14 0. 83 92. 04 96. 65 98. 83 30. 68 60. 81 77. 24 87. 65 91.13
4 N N 1 62.73 81.35 92.34 96.73 98. 87 30. 27 60. 10 76.51 86.97 90. 62
5 J J 2 62. 89 81.57 92.37 96. 81 98.90 | 30.54 61.12 77. 66 87.93 91. 46

() W JEFRAE IR A (DEMD  XF FL 5 1 47 F14R 2
755 3 AT A 5 AT AT LAE . ffi 1l DFM, B T 1
iNaturalist ZL3E4E L9 mAP B&A T R4 1E ZHO0
PRZH A A48 S B R Mg, R W T DFM J&2 —
R G AG R B, OF HAEAR I — DR .

)AL R BT RO RBE T Z S E &
il Y — ZEIA R AR A X BB /R T =1 Fl t=2 1
G50L . XTLLER A 17 RN5E 5 47, AT LLE R 7E SOP iy
ZE B A N6, T AE iNaturalist E B ¢ N1 2l 2
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Hep o — 8%, 76 SE B o, ¢ 8 R AR B8 25040 KR
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7.2.1 SEEEE
7.2.1.1 B

N HI AT S Y AR KRR H AR AR T A R MS
COCO"™ $¥ 4k b A7, B0 45 40 % 165482 7k
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i, SR BRI B BT A B LR ] trainval135k
FHEFEFTFINGE, ITTE test-dev BB L AT,
7.2.1.2 SCELANT

(D) M 4288, REAELLAE B BFFE ) A SOl )
RetinaNet” " fE g BEaf A Y . ) 4% B R I AE Ima-

geNet g4 L I 45 ) ResNet-50 g, Hor
BE— 4 ZBFE 4 71 W4 (Feature Pyramid
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BEORK L B2 T A 43 B0 1 — AR BUR SR Bk
X AR AE i Ak B B B (AR A AR RR S, R Ut
TEREAS 43 B0 WAk 45235 % 7E AT SE 56 h L B
A =2,k =0.001,

O w7 2 B B, R RS i 5 R
512 X512, KMIFLAREMAFFE 7, % SSD
HR R B I R B SR v L B Ak R AN SR 1
s o HAR R B R L, . BSEEMT .
A=0.01,B8=0.9,5 =0, 8 K/NEEN 32(HH
GPU 8 k5 . ¥R 2 ik E hy 0. 008, £ 5
75 K195 FEWF AR 0. 1, BAER BB E N 100, BEAb,
fili FH ATSS " 1 il a2 HE 43 T 4%

(D [R5y . HARK AT 55 95 e 24200 1
PEARAEINAR o s T a2, BRI,
o5 8 Hovh — A2 AR SO A 1A [ (DR i T AE 2 K
IEREAR R AEAS o rp E RE AR S 8 T2 28 1 iR A
TREA LR JE T A HE AT . &k
H A5 A TG 2856 B 43 28 ) B 4 92 2 2 A

O VPAGFE A5 o MK, BIG RST J8 38 oy i i AN
Hat 500 (R R W4 f AT — T A 4
IoU B{HE M 0.6 B9 JF #& K AE 31 ] (Non-maximum
suppression, NMS), ##fx MS COCO"™ By H J5 ¥
flid8 A5 . A SCHR A4S T ToU BI{E R 0.5 F1 0. 75 B AY
mAP A EAE APy, Al AP ), LK BIE R 0.5 &
0.95 Z |/ 10 A~ B~ M F31E GEE mAP),
HEAh B 445 T /NEL R R R H AR Y AP, 2
ICfE APs APy fil AP, .,

7.2.1.3 Xk

TS AR T B Ak S5k E A Focal
Loss ™" fE B LR B . Sy 1 96 9F BT $2 O e B
A RS U0 R X G Al R T R R O R AR O LR
TUAF LTk,

(1) AP Loss™™ ., Chen % A £ H LR 2% 5K 3
(7 S f e AP Ak I R R 3 o e =X ik D) N A BR
2257 AL, A AR FE R O LR 22 R B0 AP ik
WE,

(2)DR Loss™ , Qian %5 A\ i 43 7 = HE )% i
R A B 43 2 1A) R, 43 B85 AE B REA 1 40 A

(3)aLLRP Loss"™', 7E AP Loss FYJLRE |, Ok-
suz & NK IR Z IR S ARG A B,

WEAR 7R SCIE LU HR T S 5 Y T R B R
Faster RCNN"Y (ffi F 32 XU 4 28 ) L K A W 47
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7.2.2 ERGRIS

FELERME 5 i, BT AV, KD
T T 2 R EROR B AR — BOT A A M R
Hy 2 R AT ISR LT 4598 - (1) XF T B B BeAG I 2%
LT HE P B 401 2% bR B B O T % S ) B4 48 2% BR B
()40 Focal Loss) ., X¥UE T 3T HE 7 A 41 2% o6 B
RE TG M b B BRI 2SR S Al ) A
()76 5L T HE 7 09 300 ¢ oR B0, A SO B2 i e e
AP Ak 7 i m B S i 0 1k R L e B 2 7R/ B
B RS 75T . (30 ol FH BT B 1 1 D7 0 A B RS T
AT LAIA B 5 7 B B O A A 25 M RE

£5 MSCOCOMKELrMBIREMNEELE R (W)

Ik FHEME | WEERGRAD | MALEZR RN | mAP AP, AP; APg APy AP,
FasterR-CNN+CE [® ResNet-50 500 X 500 500 X 500 39.10  59.30  42.40 | 23.20  43.40  53.50
BB B  |FasterR-CNN+aLRP ¥ | ResNet-50 500X 500 500X 500 41.00 61.10 43.70 | 22.20 44.90  54.20
FasterR-CNN+ Ours ResNet-50 500 X 500 500 X 500 11.20  62.10 44.40 | 23.80 45.40  54.10
ssp [ VGG-16 513%513 513%513 28.80  48.50  30.30 | 10.90 31.80  43.50
YOLOv3 DarkNet-53 608X 608 608X 608 33.00 57.90 34.40 | 18.30  35.40  41.90
RetinaNet+ Focal 1% ResNet-50 500X 500 500X 500 39.90 57.80  43.30 | 22.20 44.10  51.20
BB | APLoss M ResNet-50 500X 500 500X 500 38.90  58.80 41.90 | 19.40 41.70  52.20
DRLoss (%1 ResNet-50 500 X 500 500 X 500 37.40  56.00  40.00 | 20.80 41.20  50.50
aLLRPLoss % ResNet-50 500X 500 500X 500 40.50  59.60 43.30 | 20.60 43.30  54.30
Ours ResNet-50 500 X500 500 X500 11. 40 4. 80 23. 20 15. 60 53.40
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Focal % 80.140.11 79.6+0. 46 28.29740. 42
LDAM L86] 82.440.98 76.642. 33 26. 132 44
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Background

This paper focuses on the Average Precision (AP) opti-
mization, which is a foundation problem in machine learning.
As an unbiased estimation of Area Under the Precision-Recall
Curve (AUPRC), AP measures the trade-off between preci-
sion and recall, which is deemed as a more comprehensive
metric, especially for highly skewed datasets. With the ap-
pealing property, AP is commonly adopted as a standard
metric in various vision tasks like image retrieval, object de-
tection, and long-tailed classification.

Although previous work has provided effective solutions
for stochastic AP optimization, most of them focus on desig-
ning an approximation of the AP risk but ignore the generali-

zation. Some early researches on information retrieval show

1 1
=)

generalization bound, where m and n are the number of que-

that existing AP surrogate risks achieve an ()(

ries and the length of the candidate list for a single query, re-
spectively. This requires sufficient queries for a good gener-
alization ability. However, for some real-world applications
such as object detection and classification, only limited que-
ries are available. In this case, how to analyze the generaliza-
tion of an AP surrogate risk and further improve it is still an
open problem.

To provide guidance for AP optimization, we present an
early trial to study the generalization of AP loss within a sin-
gle ranking list. The main challenge lies in the fact that AP
risks cannot be decomposed into independent terms, making

standard tools of generalization analysis infeasible. Besides,

the relationship between commonly used surrogate losses and
the original AP risk is unclear, making further analysis chal-
lenging.

To fill this gap, we start with the property of AP risks.
First, we argue that the generalization is highly related to the
stability of the AP surrogate objective. However, most ex-
isting surrogate objectives lack stability. This motivates us
to propose a stable AP loss. Specifically, we start with a
property of the AP loss: it can be viewed as a kind of rank-
ing-weighted pairwise loss. Motivated by this fact, we derive
an upper bound of the AP loss enjoying a ranking-weighted
pairwise form. In this way, the AP loss is decomposed into

stable components by estimating the weights, leading to
o . ~ (1

provable generalization bounds in an order of O<«/j> . To
n

optimize the proposed surrogate loss efficiently, we first ap-
proximate the weights determined by the expectation of rank-
ing. In this way. the surrogate objective is transformed into
a two-level compositional function. Then we propose a sto-
chastic optimization framework to jointly optimize the two
levels. Theoretically, the proposed algorithm is proven to a-
chieve an € -stationary point with O(1/ €') complexity.
From the practical perspective, we conduct comprehen-
sive empirical studies on seven benchmarks of image retriev-
al, object detection, and long-tailed classification, which
show the broad application potential in machine learning and

computer vision.





