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Abstract: Monocular single-person 3D human pose estimation holds immense value in action recognition and hu-
man-computer interaction. However, the lack of depth cues in monocular setups introduces inherent depth ambiguity, while
self-occlusion and imaging noise further complicate the task. Robustly recovering 3D poses from erroneous 2D observations
remains a major challenge. Existing graph convolutional network (GCN) methods often abstract the human skeleton into a
predefined physical graph and mainly rely on this fixed topology. Consequently, they fail to express non-physical semantic
relations, such as bilateral symmetry. Conversely, self-attention-based methods excel at long-range modeling. Yet, they suf-

fer from quadratic complexity in long sequences. This complexity leads to increased computational cost and parameter over-

Wk H 11 :2025-09-28 5 5% FH H 181 :2026-02-28 ; 54T 4 - TPA4R
HHEEE R



3 M A RA :MSGPose : JE T Z 18 LFI BTG 15 FolR A28 R i 5 H N =2 AR 254l

head. To address these limitations, we propose MSGPose. This is a dual-stream parallel framework for parameter-efficient
monocular 3D human pose estimation. It integrates a multi-semantic dynamic separable graph convolution (MSDG) module
and a semantic graph-guided mamba (SGM) module. The framework jointly models and extracts spatial and temporal fea-
tures from 2D pose sequences. The MSDG module tackles spatial and temporal relations. It constructs dynamic multi-level
semantic graphs using three priors: self-connections, physical connections, and anatomical symmetry. MSDG assigns inde-
pendent learnable weights to each semantic branch, which helps alleviate semantic feature coupling. Additionally, a weight-
ed modification matrix dynamically mitigates the inductive bias of fixed topologies. For temporal dynamics, MSDG em-
ploys a sparse dynamic temporal graph convolution. It builds this graph using a K-Nearest Neighbors (K-NN) strategy
based on feature similarity. This enables the modeling of cross-joint and inter-frame dependencies during complex move-
ments. The SGM module addresses the spatial topology limitations of standard Mamba architectures. Flattening spatial to-
kens into 1D sequences may disrupt the natural topology of the human skeleton. To fix this, SGM introduces a multi-semantic
graph convolution guidance mechanism. This mechanism operates before the causal 1D convolution and bidirectional state
space scanning. This step explicitly injects anatomical structure priors into the sequence representation. It provides the subse-
quent state space model with a geometry-aware feature space. This enables efficient modeling of long-range spatio-temporal
dependencies with linear complexity. During the feature fusion stage, MSGPose employs an adaptive mechanism. Learnable
weights complementarily integrate the outputs from the two streams. The framework utilizes joint training optimized by 3D
position and velocity losses. The velocity loss limits differences between adjacent frames. This strategy improves the tempo-
ral consistency and stability of the predicted poses. Extensive experiments demonstrate the effectiveness of MSGPose. On
the Human3.6M dataset, it achieves a mean per joint position error (MPJPE) of 38.9 mm, representing a 0.3 mm improve-
ment over MotionBERT while using only 13.3M parameters (approximately 31% of MotionBERT). On the challenging MPI-
INF-3DHP dataset, MSGPose demonstrates strong generalization ability. It achieves an MPJPE of 14.5 mm, representing a
1.7 mm improvement over MotionAGFormer. Using noise-free ground-truth 2D annotations, the MPJPE on Human3.6M
drops significantly to 12.7 mm. These results demonstrate the effectiveness of combining multi-semantic priors with a dual-
stream architecture. This combination improves the performance of 2D-to-3D pose regression.

Keywords: 3D human pose estimation; multi-semantic graph convolution; state space model; spatio-temporal model-
ing; semantic prior; deep learning
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Figure 5 Architecture of the multi-semantic graph-guided spatio-temporal bidirectional mamba (SGM)
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3 XRERSHSH

3.1 HIEESIRINE

Human3.6M J& H #i 3D AfAZ 25441 (3D HPE) 45
Tz I R AR . B RS T 11
A 2 15 A H TG 30 I A Y 360 7 gk B .
SR B 2 TE PR T A IR iz AL RE ) AR AESE
TG T IZ U AR EPEAL PR SR RZ2 107 S1.85.86
S7 S8 (AR X B AL HEA T 25, JF DR BE 321038 S9 . S11 /Y
B A g s ng KA R D R AT B 2 (0 PR RE SR IE o
BB A SR ) SH' BT I 435 S B R B
FRVER 2D B 3HIFH . PP e bR s T 4 B 0T o B R
# (Mean Per Joint Position Error, MPJPE) , R Fiil (1) = 4k
SRATARAR FLYLE 2 18] A D R B 5 - X 4 ) B i i )
PEAZ S5 X0 P 48 25 5 B A S A T SR LR 550 R
AT ] AR LN S5 45 4 5615 67 15 2% (Procrustes-
aligned Mean Per Joint Position Error,P-MPJPE)

MPI-INF-3DHP J&—> [, Human3.6M #{ 4 5 2
A PR B AR B AR DR A T H R R
AVES 2R B AU & 2R E N B, 1
T AP E SN R TEVEAR B B, A SOl T A
S 2D 2B A LUE 5 e R TAE I T XS L.
A SCREAETTH 0 TAE R =048 5 3 556
957 B R 2% (MPJPE) | 1E i XC 8 15 43 L (Percentage
of Correct Keypoints, PCK) A Kz th & T 1 #2 (Area Un-
der the Curve , AUC) .

Jr A BRI k5 PEAL 4 7E PyTorch HEZE T 3L F H1
5K NVIDIA RTX 4090 GPU 5 1. &1 % YR ML & , A 3L
K AdamW AR Ak 28 34T 90 A JE 0 i ik AR A Ak L At
AN 8, BUE I 0.01, I [ 5 BEALFH -5
BN 3407, WA RUE N 1 x 107, I R A

JE 1 0.99 1) 2 6l PR 7 119 98 B0 ) SR I ORI . FE 5K
Pt ib B 55 R WL S BT T, AR SCREAE SCHk [ 23, 25 1Y bR
WEBEE 4T Human3.6M B8 48 |, I 25 55 003 24 1 FH
T ALK S B0 5% FE 1 0, FE A% ST AR A XT (root-
relative ) IH — Ak 4b B, 457 550 BB, X T {8 B L 5E 2D R
H(GT-2D) (525, B #5238 o 3D Ak br A9 1E AS Fe 2 1
i A 5 1 7E MPI-INF-3DHP %% 4% 45 |, W) 4% 4 ¢
ik [23,25 ) B4R A 522D A b o PRAEBY BE L BR T
L MPIPE 3§ F5 A1, 36 SE it T 3 F 35 FC 43 B 19 Wi
PR X7 55 Sl (E P-MPJPE ) , JFAE AR I 51 A 0% 0 1
ik 38 5 DA 1 — 25 56 IE AR Y () RS A 1
3.2 XWER5HW
3.2.1 Human3.6M EHISLIGEER S

R 56530 T 4 MSGPose #5581 (1) 4 %01 , 4% SCHE Hu-
man3.6M B4l 55 I 530 AR R 1 F2 3 A EA T T X
SRR I A S0 A (8 0 B X R R A
s, #£15F£ 28R T 154 31K MPJPE 55 P-
MPJPE M fE L3 . A CJ7 ik (T=243) () MPJPE 5 P-
MPJPE i% 2% 43 %1 7 38.9 mm 5 322 mm, f T % T 4l
Transformer [ 7792 o 401 , 4 Ft MotionBERT' ' 55 Mix-
STE"*’, MPJPE 1% 22 3 5 &% T 0.3 mm 5 2.0 mm, 7
A3 B T8 SO BRUE A AR R T 40 0 45 48 O i i £
oo AT HE— P RAE Ty R A A, AR S0 2024—
2025 4E WY B 5 VAT T X H, /R4S PoseAnchor 7 18
AR AT ST T E AL RE T, (H 2Z BT MixSTE &
+, H MPJPE {345 BB 7E 40.3 mm , #H L Z T , MSGPose
FERG BE 1415 1.4 mm, H S50 MixSTE (1) 40%,
JEILT AR MERE SRCR T . M TR ARk
) KTPFormer™ , MSGPose & Mamba X & 531 B} )5
A i AR ) iR 22— BRI T 1.2 mm,

®1 AXMLK 537 % FE Human3.0M ##EEE_EE-F MPIPE RN IEFRHI AT LE 2 R HLfi:mm

Table 1 Performance comparison of different methods on Human3.6M dataset in terms of MPJPE unit:mm
Method Reference | T | Dir. | Disc | Eat | Greet | Phone | Photo | Pose | Purch. | Sit | SitD. | Smoke | Wait | WalkD. | Walk | WalkT. | Avg
GLA-GCN'! | 1CCV*23 243 (41.3(44.3|40.8| 41.8 | 459 | 54.1 [42.1| 51.5 [57.8|62.9| 450 |42.8| 459 |29.4 | 299 |44.4
MHFormer™ | CVPR’22 |351|39.2 [43.1|40.1| 40.9 | 44.9 | 51.2 [40.6| 41.3 |53.5|60.3 | 43.7 |41.1| 438 |29.8 | 30.6 |43.0
FTCM"! TCSVT’24 | 351]39.0 [41.1 38.6| 41.6 | 45.6 | 50.4 | 414 | 37.8 |52.9|654 | 424 |41.2| 429 | 317 | 329 |43.0
P-STMO™! ECCV’22 |243|38.9|42.7|404 | 41.1 | 45.6 | 49.7 |40.9| 39.9 |555|59.4 | 449 |422| 427 |294 | 294 |428
HDFormer™ | IJCAI'23 | 96 |38.1|43.1|39.3|39.4 | 443 | 49.1 |41.3| 40.8 |53.1|62.1 | 433 |41.8| 43.1 |31.0| 297 |426
MixSTE? CVPR’22 | 243 137.640.9|37.3| 39.7 | 423 | 499 |40.1 | 39.8 |51.7|55.0| 42.1 [39.8| 41.0 | 279 | 279 [40.9
D3DPH ICCV°23 [243|37.3|39.5(35.6| 37.8 | 41.3 | 482 |39.1 | 37.6 |49.9|528 | 41.2 |39.2| 394 |272 | 27.1 |395
STCFormer™ | CVPR’23 |243|39.6 |41.6|37.4| 38.8 | 43.1 | 51.1 |39.1 | 39.7 |51.4|57.4 | 41.8 [385| 40.7 |27.1 | 28.6 |41.0
MotionBERT™ | 1CCV*23 |243(36.3|38.7|38.6 | 33.6 | 42.1 | 50.1 [36.2| 35.7 [50.1|56.6| 41.3 |37.4| 37.7 |256| 265 [39.2
PoseRetNet™' | ECCV’24 |243(36.9|40.1 |38.7| 38.3 | 42.9 | 48.6 | 38.2| 40.0 |52.5|554 | 423 |38.7| 39.7 |262| 278 |404
KTPFormer™ | CVPR’24 |243(37.3|39.2(35.9| 37.6 | 42.5 | 48.2 |38.6| 39.0 |51.4(559 | 41.6 |39.0| 40.0 |27.0| 274 |40.1
PoseAnchor™ | TCCV°25 |243|37.8(39.8(36.6| 38.8 | 42.6 | 48.6 |39.4 | 38.1 |50.5|55.1 | 42.0 |39.1 | 404 |27.8| 27.8 |40.3
MSGPose Ours 243137.8140.2(37.5| 33.8 | 41.5 | 49.3 |37.8| 342 |504|53.1| 41.0 {372| 36.6 |27.5| 27.1 |38.9

T T AP P I AR AR e 2R R R L Es R, TR
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Table 2 Performance comparison of different methods on the Human3.6M dataset in terms of P-MPJPE unit:mm
Method Reference | T | Dir. | Disc | Eat | Greet | Phone | Photo | Pose | Purch. | Sit | SitD. | Smoke | Wait | WalkD. | Walk | WalkT. | Avg
FTCMBY TCSVT24 | 351 (32.7[355(325| 354 | 599 | 41.6 |33.0| 319 |45.1]50.1| 36.3 |33.5]| 35.1 239 | 250 [352
STER! TMM’22 |351|32.7|35.5|32.5| 354 | 359 | 41.6 | 33.0| 31.9 [45.1|50.1 | 363 |33.5| 35.1 239 | 250 [352
MHFormer™ | CVPR’22 |351[31.5[34.9(32.8| 33.6 | 353 | 39.6 | 32.0 | 32.3 |43.5|48.7| 36.4 |32.6| 343 |239| 25.1 |344
P-STMOR? ECCV’22 |243|31.3|352 (329|339 | 354 | 39.3 |32.5] 31.5 [446|482 | 363 |329| 344 | 238 | 239 |344
HDFormer™ | IJCAI'23 | 96 |29.6 |33.8|31.7| 31.3 | 33.7 | 37.7 | 30.6 | 31.0 [41.4|47.6| 350 |309| 33.7 |253| 23.6 |33.1
MixSTE?! CVPR’22 |243|30.8|33.130.3| 31.8 | 33.1 | 39.1 |31.1| 30.5 [42.5|445| 34.0 |30.8| 32.7 | 22.1 229 |32.6
DUE®" MM’22 [300|30.3({34.6(29.6| 31.7 | 31.6 | 389 | 31.8| 319 [39.2|42.8 | 32.1 [32.6| 31.4 25.1 23.8 |32.5
STCFormer™ | CVPR’23 |243(29.5(33.2(30.3| 31.0 | 33.0 | 38.0 | 30.4 294 |41.8]452| 33.6 [29.5| 31.6 21.3 | 22,6 [320
MotionBERT®! | 1CCV°23 |243|30.8|32.8|32.4 28.7 | 343 | 389 |30.1| 30.0 |42.5]|49.7| 36.0 |30.8| 22.0 31.7 23.0 |329
PoseRetNet® | ECCV’24 |243|30.8|33.1|31.3| 31.8 | 33.4 37.7 130.1| 30.5 [43.4|455| 34.3 |30.3| 31.5 214 | 22.7 |325
KTPFormer™ | CVPR24 | 243 |30.1 32.3129.6| 30.8 | 32.3 | 37.3 |30.0| 30.2 |41.0|453 | 33.6 |299| 314 21.5 22.6 |319
PoseAnchor™ | 1CCV°25 |243(30.6 | 32.1 29.9| 31.5 | 33.5 | 38.2 |30.6| 29.2 |41.3]44.0| 342 |30.0| 32.1 21.8 22.8 |32.1
MSGPose Ours 243131.3133.4(31.8] 28.2 | 345 | 39.6 |31.8| 29.8 |42.2|464 | 357 |30.6| 31.0 23.1 234 |32.2
A, A TSR JH Retentive HL | B9 PoseRetNet'®',  3.2.2 MPI-INF-3DHP #{#B 4 _ H L1645 R4

MSGPose 1 +E Mamba ZE A4 7 1< RE AR A6 _L A9 L3
I 255 2 T SCIEIE: BN JR B 45 40 439 1) 2 U 5, A
MARAT 1 8o B35 i PERe Tt
WAk, Sy ik — 25 PTG B R AE 2D # 3D Y 42 T fig
T3, FF P B3 2D A AG I &5 AT BB Ok 1) R, AR S
FEH AN TC WP () LS 2D SRS TP AN S0 T AT T X
bS8 . 43R 3 i s, MSGPose 7€ MPJPE |35 8 T
12.7 mm, ¥F It MotionAGFormer ** £ MPJPE | I & &
I8 7 4.6 mm. X RWT, Mk AN m ORI A9 OC T
AR I, 455 Y BE 8 BT 4l A TN A 5 44 S g (B
XFFRME ) TE TLART 25 (6] v () 38, T 3R A5 1 de A A0 4
TERCH X — 286 25 A5 S73E B T MSGPose 7E 2D %)
3D W SFHAT: 55 Hh A P
F£3 AXMEESIFL A Human3.6M EEE FEFEL 2D ES
FF5I4E A BB MPIPE 3 L 25 R
Table 3 Performance comparison on the Human3.6M dataset in terms of

MPJPE, taking ground-truth 2D poses as input

Method Reference | T Params/M | MPJPE/mm
MHFormer™”! CVPR22 | 351 30.9 30.5
P-STMO"? ECCV’22 | 243 6.2 29.3
FTCMPY TCSVT™24 | 243 4.49 25.1
STCFormer™ CVPR™23 | 243 18.9 22.0
MixSTE™! CVPR™22 | 243 33.8 21.6
HDFormer™ IJCAI23 | 96 3.7 21.6
MotionBERT'*! ICCV23 | 243 424 17.8
MotionAGFormer™! | WACV’24 | 243 19.0 16.2
KTPFormer™ CVPR24 | 243 33.7 18.1
PoseRetNet?! ECCV™24 | 243 25.2 21.5
MSGPose Ours 243 13.3 12.7

T — 2 B IF MSGPose 15 % iy P B | A< SCHE
MPI-INF-3DHP ¥4 % 5 2 R i Bk 17 17X He
SE . IR BZEE AR LRI O R AR SO R
PR T BE SRy 81 B4 X L SE G . W 4 TR, MS-
GPose [ PCK, AUC F1 MPJPE 43 5l Bt % T 98.0 mm .
82.3 mm 5 14.5 mm. A % F MotionAGFormer'*’ s
MPJPE # — 2 F & T 1.7 mm. %45 832 W, MSGPose
BRI B KAz AR BE 77, RERETE T8 & 24 i s rp 4
SRS

F4 FEMPLINF-3DHPHIEE FHINT LR B :mm
Table 4  Performance comparison on the MPI-INF-3DHP dataset
unit:mm
Method Reference T PCK- | AUC | MPIPE
1 1 !
MixSTE?! CVPR22 27 | 944 | 66.5 54.9
HDFormer™ IJCAT’23 96 | 98.7 | 729 | 372
P-STMO" ECCV’22 | 81 | 954 | 758 | 322
FreM”! TCSVT*24 | 81 97.9 | 79.8 31.2
PoseFormerV2®! CVPR*23 81 | 97.9 | 788 27.8
STCFormer™ CVPR*23 81 | 98.7 | 839 | 23.1
GLA-GCN'™ ICCV’23 81 | 985 | 79.1 27.7
PoseRetNet™ ECCV™24 81 | 99.1 | 84.4 222
MotionAGFormer™ | WACV24 | 81 | 982 | 853 | 162
PoseAnchor™™” ICCV’25 81 | 99.3 | 88.1 17.2
MSGPose Ours 81 | 98.0 | 823 14.5

3.2.3 REFHESHEERESH

Shy i 25 PEA A A 5 GE IR TR, RS X T
MSGPose 5 18 % 1 75 15 78 2 B i (Params) | i1 8 &
(MACs) K K5 B (MPJPE) B9 RE . M 50 UL, MS-
GPose 7£ MPJPE |- BU45 e L 45 2 (38.9 mm) , [A] B} =
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18 J5 1, MSGPose ) MACs 4 37.4 G, &t X T MixSTE
(139 G )5 MotionBERT (174.8 G) . b iRZE 0], ir

T B 221 SCAS F T B A8 A /MR HRY LA L5 A1
THE TR SC LSO ) S A I JEDRS B8, P B S A A R
JEE - WU AU Al

£S5 AXMLE 53 L 7757 Human3.6M 3R & _F T E FF X LE

Table 5 Computational cost comparison between the proposed network and state-of-the-art methods on the Human3.6M dataset

Method Reference T Params/M MACs/G Latency/ms FPS MPJPE
MixSTE™! CVPR’22 243 33.8 139 9.86 101.3 40.9
MotionBERT"! 1ccve23 243 42.4 174.8 17.3 58 39.2
PoseRetNet™! ECCV’24 243 252 104.5 79.18 12,6 40.4
MSGPose Ours 243 13.3 37.4 24.8 403 38.9

3.3 HRRIE

R T B iE MSGPose 152 81 2% A~ 28 Wy AR B (1) 47 R4 1
E AN AT B, DL K 5 Tl AN [R) 45 74 15 1 0 B A 1 52
Wi , A SCXF MSGPose 5 £ 7E Human3.6M ¥4 4 5 b ¥E1 7
T A SR, I8 B MPIPE 5 Ry 1 B8 PFA% 45 B , >R FH 2D
BAAGTHRIALTY SH VR A .
3.3.1 HiERMEBESW

T 43 BT MSGPose 5 7 45 55 e Xl (o) £6% 8 {4 14 g
B2, A% SC DA R iR GON 5 1 B 01 WU S 5 ¥4 R
FELAAY , JF AR RF A 52 50 B R AR, A5 Rk 6
TRo BT, B FE LB ) GON A R e ol AR S
H A MSDG A5, MPJPE /1 40.1 mm F %% 39.5 mm,
X —Z5 R, MSDG 3l 18 78 218 S 32 1) 55 dl A
KRR, ARG T 25 MR RINGE T, T
H— 1) GCN & T B

F6 MSGPose HHEMRAE AN IHRMEWER

Table 6 Results of the ablation study on different components and com-

bination strategies in the proposed MSGPose

Method MPJPE/mm
Baseline 40.1
Baseline+MSDG 39.5
Baseline+SGM 39.6
Baseline+MSDG+SGM (Sequential) 39.2
Baseline+MSDG+SGM (Parallel) 389

M )5 , 7645457 Baseline ) GCN & FR I/ A 28 1) 1
PN W R B )43 3O ¥l SGM AL, MPJPE B ik
£ 39.6 mm, Ui B i 215 L& RG] S 8R4 28 [ A
UGB 0% 07 70 43 M Al $2 A A FS e 471 o 1 I 25 R O
Z MR T 3D BBMIF AR . fea , AR Sctt—4
Fede T AT SO T A 22 S o AR RIT Y
MSDG Bk 55 SGM 5 A ) 347 75 2 47 RRAE 2 B
T REUEAT HAMY [ IS N @A TSRO T R AT 4
P 1 RE B .

3.3.2 BEARESRE
7RI T MSGPose A [i] By ## S K % A5 70

MPJPE [ 520 , H v 32 2 ) 8 2 400 A5 RUAE 2R 1) J= 4L
N, B RY By AR B R0E TE 4EE Do AR SO T AL
SR, 3 BITERFIEE 2 hy 64 5 128 I, 34 A0 48 T 455 74
JRBOR TR AU RE

F7 EEBEHEHEREX RN
Table 7 Effect of different numbers of layers and feature dimensions on

model performance

JZHUN) FHIESERE(D) BHRIM MPJPE/mm
4 64 0.93 48.6
8 64 1.8 435
16 64 3.6 413
4 128 3.4 40.1
8 128 6.7 39.3
16 128 13.3 38.9

3.3.3 X ZIEXERER

M UG AIE MSDG Bk rf £238 IR (19 0 , AR SOk
FLLRBIRL th GON B B0 S B 40 & 8 AN TRE R )
MSDG #E He ke 4 5% 6 PR RE A 52 i, InE6 8 fif s . S0
FHT, 25 ok ol A B 5 0 Bk R I 25 RO A
EARTE Y E L AT o B BB R, 25 R B
5 E A5 4k, MPJPE M 40.1 mm % & 39.0 mm. X iiF B
THZME LA NI B BB X A A

2R kK 2 Go kB SGM A5 B P 3 4 4 2 1 14
AP AR SO R MSDG B H 43 SORAE B 1 R T o
SRR SGM B H , U 5 N W] 14 R AE 3t A =X
Xp R R BE B B0 . W0 9 TR, 24 MSDG A5 B A il
JH 23 A4 5 Mamba ( ST-Mamba #e ) 54 JH B 7548 56
Mamba (TS-Mamba #g) i}, #5281 Pk G2 35 0 B 1 /N i (1)
PEREIR fb o 33 % BH 4l 2 B it Y %) 28 ] O 4 5
T 1) ) ST R 50T 5 1140 3D 28 25 A 3 T 5 [ 452
FEE RS AN SCIRGY T Rl A X PR RE 1 i d A
Ko M RMIFATRLE SRR A & B S 1 PEGE,
iR 25 i — D BRI A 39.0 mm,

T2, N T K HESE B ) SCM Bk | 7E B 48 IR A7
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Table 8  Effect of individual modules in MSDG on network performance
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Baseline v 40.1

#a v v 39.4

#h v v 39.7

#o v v v 39.0

R SCM FARHRT P 2% 14 BE 9 5

Table 9  Effect of different modules in SGM on network performance
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Figure 6  Visualization results of the proposed method and comparison methods on in-the-wild videos
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