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Abstract Pose estimation, which aims to locate the keypoints of objects, is a fundamental vision
task. Pose estimation has extensive applications in the real world, including virtual reality,
augmented reality, smart home, human-computer interaction, robots and automation, etc.
Existing methods focus on single-class pose estimation (e. g. , human pose estimation), neglect
multi-class scenarios, and are difficult to estimate multi-class poses with a single model. If
independent pose estimation models are constructed for each category respectively, it will
inevitably lead to huge computational and time costs during the training and testing phases, and
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pose severe challenges to theactual deployment of the model and subsequent functional expansion.
Considering that the models in detection or segmentation tasks could predict multi- class results,
the development tendency to multi-class is inevitable. In order to expand the number of categories
that a model can handle, existing methods often employ a few-sample or zero-sample learning
strategy with the aim of incorporating new categories at a low labeling cost. However, these
methods generally rely on additional supporting information (e. g., sample images or text
descriptions) as input. This reliance on supporting information prevents them from being directly
applied to standard fully supervised learning frameworks, which is the main motivation for the
research work in this paper. The adaptive integration of shared and class-specific information is
crucial for effective multi-class pose estimation. However, most existing models suffer from a
limitation: their output layers maintain a fixed correspondence with object keypoints. This rigidity
prevents the effective learning of shared and specific features, because, for example, the first
output channel invariably learns the first annotated keypoint across all training images, even when
these keypoints represent semantically different parts belonging to diverse object classes.
Consequently, the model’s learning process can be confounded by conflicting class-specific
patterns, while simultaneously failing to leverage shared structural information for more accurate
estimation. In this paper, we explore multi-class pose estimation, where the crux lies in how to
integrate shared and specific information across classes for a better compatibility in the model. To
this end, we propose a Transformer model based on bidirectional integration of shared and specific
information. Specifically, we employ learnable queries to represent the shared and specific
information of keypoints, and estimate keypoints by two stages. In the initial stage, shared
queries aggregate the backbone feature maps and then produce initial keypoints and object class.
In the refinement stage, the share queries are forward-integrated with the specific queries based on
the bipartite matching between shared queries and specific keypoints, and then estimate refined
keypoints. Furthermore, the updated specific queries are stored in a queue and backward-
integrated into the shared queries, which could enhance the shared information. Thus, our model
leverages bidirectional integration to extract multi-class information and thus better achieve multi-
class pose estimation. Experiments were conducted on the MP-100 dataset, evaluating the
method's performance in the fully supervised scenario, estimating poses for diverse object
categories via a single model that operates without supplementary support images or text
descriptions, and the quantitative and qualitative analyses demonstrate the effectiveness of our
method.
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S(ENERM Y. RJ5  ACHAIE G 0(E!) 5%k
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3.7 &5k
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)% # L i B A 2 B {0. 05, 0.1, 0.15, 0.2} 3%
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ARSI S AT 28 56 TS, ARl
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B, ELAHD A S8 —f FHAE ImageNet ™ 30l 25
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BAB B BE 350 40, B S8 a=0. 1 f p=
0.5, 7EECHE L& J7 1, A SC 5 AH G TR —
e, BT YR FAERTREAS G A TR Y, 5 —4i
JHCE] 256 X 256 1 43 HER . FE IR Beh , AR SO
FH R SR 338 58 S W G435 B B LA RO RN B L e R . AEAE
R 2507 18 » A SCfEFH Adam ™4k 8% . IF 4k 3t
2004~ A3 o BERLOLAR R HE RO /N R 16, 1T 27 2 3
1074, IR LLO. 1 RYAEARTESR 160 FsE 180 4 JR I
i o AR SCHY 52 56 25 5% 24 Ubuntu 20. 04 R 4t , it &
64 GB N 77 1Y Intel 17-14900 CPU #1 2 # NVIDIA
4090 GPU. BRAE A UL, 75 0] fir S 0 v (g B AL
AR 100,
4.4 SRFHFENEEILER

FEIA BYAHOC TAE T CAPE 5 /b (R FEAR
(1) 22 VAT D 5 B A i A SRS 8 SC
AH T O B I T A SO 4 W S g
oo I LAA SO A RV BT S 4 A 250
BBAN T O B AT . A FE - Sim. Base. 1,
PRTR" . TCFormer™ . Poseur" . QueryPose"™ |
ViTPose ™ . PCT* , ED-Pose™ . GroupPose™ .
NerPE"\RTMO"™, 1 F ik Iy ik ¥ & F sk
BPLEAGT BT AAS SCRZ A H el g Ry 22 208 ) 22 24
TR, ELARHE, S 1 ARG B y, AR SC 48 —7E

{2 Y SN | R a3 R A Y e 1 e N S 2 ) =S
AU B LU AT DL R VL, B T BRI Y 5 ik
Sim. Base. ") fift Fi#8 B (4) d R ABEAE Ry vl DL EE , 1 366
TR AY 5 (Al GroupPose'™ ) 7 B4~ S By 1) []
A )22 B —ZE T vy U

SR EE L MAE SR 1, FR T LR BIA T I 2
A M 2 RNESAM TR . BAAORE T2
9 7 5 NerPEMS Fl RTMO™ 7E MP-100" % 42 4
3 HIEUS 65. 4% mAP H166. 1% mAP, iR T HA
B BIE AR TR AE Z NS T TS5 h i
AEZK -, A SO 7E MP-100 5848 b (PR REXS H
OB, & NerPE™ # F+ +5. 2% mAP, %
RTMO" 427+ +4. 5%mAP. [Flff. 7E Keypoint-5%1
Pt AU OS2 5, NerPER fl RTMO™™ 41, 35 %)
T f5 R B S Y R RE L AR SC Oy 5 48 NerPE™ 2
FF+3. 9% mAP % RTMO" 427} +3. 3% mAP.
H AR SO EAE A P BB A A _E AR AR T3 ik
B ST e MP-100 804 4E -, AP@O. 054§
Fr FE RTMO™ B #2724 +5. 7% AP@0. 20 8 F5 Hb
RTMO YRR T R 44, 4% Ak b AR SO A
T AT J5 3 A R AR A H ol 2 A S AR A
AL F00r WoR T ] 2 3 (A 1) ] d2 ok FAE 2 B 3
5 E BRI T VT EOR S @l i A S5k

®1 BWAEEMP-100 BiEE FHRSHITERER (%, 1), EhRIFHLE RERBERE

_—" . MP-100 %cHg 4k Keypoint-5$i5 4
0.05 0.1 0.15 0.2 mAP 0.05 0.1 0.15 0.2 mAP
ECCV2018 Sim. Base. ") 46. 2 56.0 59.5 61.6 55.8 76.8 83.6 86.7 88.0 83.8
CVPR2021 PRTR™ 42.3 55.1 62.9 66.2 56. 6 75.9 82.5 88.5 89.3 84.1
CVPR2022 TCFormer®” 47.3 59.0 62.6 64.7 58. 4 78.1 84.6 88.1 89. 2 85.0
ECCV2022 Poseur™! 49.6 60.3 62.8 64.6 59.3 80.1 85. 4 88.3 90.7 86.1
NeurIPS$2022 QueryPose/™ 48.2 59. 8 63.7 66.1 59.5 80.0 85.2 89.7 91.4 86. 6
NeurIPS2022 ViTPose'™ 51.9 61.8 65.3 67.4 61.6 81.8 86. 4 90. 4 91.8 87.6
CVPR2023 pPCT® 50. 2 61.9 65.8 63.8 61.7 80.8 86.8 90.9 92.2 87.7
ICLR2023 ED-Pose! 52.7 64.6 68. 2 70. 2 63.9 81.9 85.6 88.6 90.5 86. 6
ICCV2023 GroupPose!™ 48.9 66.8 71.5 73.9 65.3 80.3 86. 6 91.1 93. 4 87.9
NeurlPS2024 NerPE™ 53.6 65.9 69.7 72.4 65. 4 82.1 86. 6 90. 8 91.8 87.8
CVPR2024 RTMO™ 50.5 67.4 71.9 74.4 66.1 81.4 86.8 91.4 93.9 88.4
ARSIy 56.2 70. 4 76.8 78.8 70. 6 84.6 91.1 94.7 96.2 91.7

SR IR AN 2 PR L AR SRR
Z R H ED-Pose™ | GroupPose™ il RTMO-"" 2
DT BT T BRI R 2 . 1
BATRCRIT I FEAS [ 5% U CRI 4090, A5000,
4060t1) FIAS [a] 43 B R (Rl 256 X 256 Fil 512X 512) Z)
T AR SO AR B g AR B s ED-Pose ™ il

GroupPose' ™, HAF LT S5 5% 2 F NerPE /11y
THOLT S A SO AL A M348 NerPE i 8L T LY
TRERCE., LRET ARV, KA RESCR 5%
& H ) S e SR AR OCE L 78 4090 L i 483k B
{E , 4060t WAL » 117 AS000 FFARXF 5Z B o [F] I, %
AGTHEF N 256 $8 T+ 2 5120, BT A ik IR T 7
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TERFF BRI 2% E FI R AFSCR AT 00 T AT HoA £
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4.5 SPBEFTEHEMELR

N T EWH R AR B OR AR SRR AR
FANE Y = ALl T i AT AT AL E M LR A

x2 EFAENSHEM)REARMESOHERE LN
Wi (FPS) X bt

4090GPU  A5000GPU  4060tiGPU
256 512 256 512 256 512
ED-Pose 48.4 23.9 181 12.5 8.5 17.5 14.3
GroupPose 50.0 37.5 29.4 18.0 14.4 28.0 22.4
NerPE  28.5  60.6 43.9 29.8 21.3 459 33.0
RTMO  41.7 76.3 56.8 36.6 27.5 59.3 43.4
ARCHEE 333 581 45.0 27.5 21.8 46.0 34.3
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IR GroupPose ™ 4 5 L AE I B ASAL 1T BUAs:
TR B FA T A AN ) A e
) B AL P AT X2 s A 3 22 A2 531) 22 ) A 47 S
Bl M Z T A ERA T 2T IRR A R0
il AW it AR T A b e s 2 A2 15 L AT
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Ryt —2P B A Ty v R 3 b A ) 2 S
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SN IEATEES
4.7 HRAZEW
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RIS AS /NPT S P A R B2 B I PERE . 7ER S
Hh R A B B RTINS 2 B fe 5 Y W 0
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LT R A 2 R A Q.. KRS AL B B 4
PRI A5 —ANB B B s P; V 1R
it S AR A A £ 90 i i S A SRR 245 <
1] il 450 5 PP ASE 2 iy o A ML S A R S A 1R
B BRI B B bt 0 (ED) + E i A i 2t .« I
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5 LS A2 B R PERE T LR B
YRR TR B B v 252 e i 1 e Al G B
PEREERAA A Nl A PERE R 62, 126mAP) , i
AN T RSO SRR PR RE . 7R B IS IO AR B B
J5i 3 AR SCREEIE W) i OGS A A Al 175 3 1 B v
R S CBI 1. 6 X0mAP) » R T LK LAY 1
REFR T TEAS SCRORLRS H T 0 1) @l AT O
SRV AR B T R T (4. 50mAP) L FE
O3 SR TR AR S (5 SR PTG R AT H i
IO B2 o TEARZE T S T A I o R A s
SATHERER B — LT +2. 4% mAP) . B
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4.8 HEGESM
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G ASAG TP R 0 5 0 AL P BA S B 11 35
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F3 EWMAEEENBE LM BERI mAP-superclass(mAP %)

7k Human Body Human Hand Human Face Animal Body =~ Animal Face Clothes Vehicle Furniture
Sim. Base. 61.2 70.8 51.3 4.1 62.7 51.3 35.2 52.0
GroupPose 72.7 81.2 55.9 61.5 73.4 64.8 35.9 69.0
ARSIy 81.0 92.1 73.9 66. 1 76.8 73.4 39.5 77.8
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F4 XBLELF LK MERELLR R (mAPXY)
WIRES ENN WEML1  BEBLZ  REBL3 P
Sim. Base. 55.8 50.2 51.6 49.7 51.8
ED-Pose 63.9 57.1 57.8 57.3 59.0
GroupPose 65.3 58.5 59.3 58.5 60. 4
AR5 70. 6 69. 8 70.1 69.2 69.9

RS AURBMELREERER (mAPXY)

PGB KRB mimals  RmalG mAP
N/ 62.1
NG NG 63.7
N N N/ 68.2
N N NG NG 70.6

Mo RSN PR H R B E AL R Y
PEREIC B 6 FIE 6 .

F6 HEARRFIKERERER (mAPXK)

A1) 44 KR 10 20 40 80 160
MP-100 65.2 68.7 70.6 70.8 70.9
VERLACAHT Q. .
Keypoint-5  90.4 91.3 91.7 91.8 91.8
MP-100 69.5 70.3 70.6 70.6 70.7
AT 15 Q,

Keypoint-5 91.3 91.6 91.7 91.7 91.8
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Background

Pose estimation aims to locate the keypoints of objects in 2D
images, which is a fundamental and important task in computer
vision. Pose estimation has extensive applications in the real
world, including virtual reality, augmented reality, human-
computer interaction, robot and automation.

Most existing method focus on single-class pose estimation
(e. g., human, hand or vehicle), and neglect that the target
objects may come from multiple classes. In such case, we may
have to train a model for each class respectively and selectively
apply them to estimate multi-class pose, which is complex and
unpractical. On the other hand, the models in dectection and
segmentation tasks all are able to employ a single model to predict
multi-class results. Therefore, it is significant to explore multi-
class pose estimation, where we would like to estimate the poses
for multi-class objects with a single model.

The key issue in multi-class pose estimation is how to
adaptively integrate the shared and specific information across
classes. In most existing models, the output layers correspond to
the object keypoints in a fixed manner, which cannot effectively
learn the shared and specific information. Specifically, the first
output channel always learn the first annotated keypoint in all
training images, while these keypoints belong to various keypoint
types of various object classes. Therefore, the model may be
disturbed by various specifc patterns, and also neglect to use the
shared information for better estimation.

In this paper, we propose a Transformer model based on

include computer vision, pose estimation, image segmentation.
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bidirectional integration of shared and specific information.
Specifically, we employ learnable queries to represent the shared
and specific information of keypoints, and estimate keypoints by
two stages. In the initial stage, shared queries aggregate the
backbone feature maps and then produce initial keypoints and
object class. In the refinement stage, the share queries are
forward-integrated with the specific queries based on the
bipartite matching between shared queries and specific
keypoints, and then estimate refined keypoints. Furthermore,
the updated specific queries are stored in a queue and backward -
integrated into the shared queries, which could enhance
the shared information. Therefore, our model leverages
bidirectional integration to extract multi-class information and
thus better achieve multi-class pose estimation. We conduct
extensive experiments on the Multi-category Pose (MP-100)
dataset, and the quantitative and qualitative analyses
demonstrate the effectiveness of our method.

This work was supported in part by the National Natural
Science Foundation of China under Grants U24A20220,
62132006, 62402201 and 62161013, in part by the National Key
Research and Development Program of China under Grants
2023YFE0210700, in part by the Natural Science Foundation of
Jiangxi Province of China under Grants 20242BAB21006 and
20242BAB23012, and in part by the Jiangxi Province Special
Program for Cultivating Early-Career Young Scientific and
Technological Talents under Grants 20244BCES52070.



