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Introduction



Animer

AniMer is to estimate the pose and shape from a single image across quadrupedal species



Motivation for animal pose and shape estimation

e Graphics, VR/AR, and Robotics
o Enables creation of realistic animal avatars

o Enhances robot perception systems for animal-rich environments

e Scientific Research & Behavioral Analysis
o Quantitative study of animal behavioral, posture, and interaction

o Advancesresearch in zoology, ethology, and neuroscience



Challenge: Multi-species variability, lack of datasets

[ICCV 2023] Animal3D dataset

[ACCV 2024] Dessie

Most model focus on single species like dogs or horses.

Multi-species datasets like Animal3D remain limited in diversity and generalization.
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CtrlAni3D dataset

1. Utilizing quadruped family information for pose and shape estimation

2. A large-scale synthetic dataset of diverse quadrupeds (10 species, 9.7Kimages)



Preliminaries: SMAL
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[CVPR 2017] SMAL
SMAL is a 3D parametric shape model designed specifically for representing the shape and

pose of quadruped animals
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Overview of AniMer
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Architecture of AniMer
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e ViT encoder processes the inputimage as patch tokens for rich visual representation.

e Transformer decoder refines features for two tasks: SMAL parameter regression

and family-aware contrastive learning.



Architecture of AniMer
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e ViT encoder is initialized with pretrained weights.

e AniMeristrained in two stages.
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Family Aware Contrastive Learning

Class | Animal Family
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Learning

Contrastive loss clusters family-specific features using supervised contrastive learning.
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e Class token represents animal family identity during feature extraction.

e Predictor head generates a family-specific feature vector z.
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Training
Total Loss combines multiple objectives:
Liotal =A3pL3p + A2pL2p + Aprior Lprior + AadvLadv
+AconLeon-

3D Loss penalizes shape (B), pose (0), and 3D joint errors:
Lsp = Agl|B—BlI5+ Xall0 — 6115+ || Ksp — Kspl|1,

2D projection loss supervises projected 3D keypoints against ground truth 2D annotations.
Lop = ||7(K3p) — Kapl|1

Prior loss enforces predicted parameters to stay close toa prior distril:zution.
JCprior — )\,8 (/B_MB)ngl (/B_MB)+(9_M9)TEQ_1 (8_/119):

Adversarial loss uses a discriminator to encourage realistic pose and shape outputs

Lagy = Z(Dk(é’, ﬁ) - 1)2 14
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Dataset generation pipeline of AniMer
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AniMer generates CtrlAni3D dataset by combining text prompts from animal classes and

poses with SMAL-based 3D conditioning



CtrlAni3D Dataset

SMAL Structure Condition

P»Sampled shape and pose parameters are used to generate 3D meshes, rendered into depth maps and masks.

Text condition

D Text prompts describing animal behavior are generated using species hames and pose labels, completed with

ChatGPT.

Semi-Automated Filtering

PSAM2 and cycle-consistency check are used to validate alighment between generated images and mesh

conditions.

Backgrounds

P Natural scene diversity is enhanced by combining Al-generated and COCO-sampled backgrounds during image
16
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CtrlAni3D Dataset
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Experiments



Experiments

Dataset
2 Training on a combined dataset of 41.3k images from 2D and 3D sources: Animal3D, CtrlAni3D, Animal Pose,
APT-36K, AwA-Pose, Stanford Extra, Zebra Synthetic.

Baseline
2 Compared against [CVPR 2018] HMR, [ECCV 2020] WLDO, and [ICCV 2023] HMR2.0.

Evaluation metrics
$ 3D: PA-MPJPE (joints), PA-MPVPE (mesh).
2D: PCK@0.1, PCK@0.15, AUC.
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Experiments

Image

Animal3D

HMR

Qualitative comparisons of AniMer

AniMer-a: replaces ViT backbone with ResNet152.
AniMer-b: discards ViT pretraining.

AniMer GT
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AniMer-a: replaces ViT backbone with ResNet152.

Ex pe ri m e nts AniMer-b: discards ViT pretraining.

Image HMR WLDO AniMer-a AniMer-b AniMer GT

CtrlAni3D

Animal Kingdom
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Qualitative comparisons of AniMer



Experiments

AniMer-a: replaces ViT backbone with ResNet152.
AniMer-b: discards ViT pretraining.

Dataset Animal3D CtrlAni3D Animal Kingdom
Metric AUCT P@HT PAJ] PAV] AUCt P@HT PAJl PAV] AUCt P@Ht P@0.11 P@O0.157
HMR 76.3 60.8 123.5 1339 80.8 67.0 1235 1339 70.2 64.0 12.8 25.6
WLDO 78.2 68.7 1123 1252  88.7 86.7 71.5 834 70.1 64.3 14.6 27.6
AniMer-a  75.2 572 1155 1287 80.3 66.0 117.0 1294 68.9 62.5 10.2 21.3
AniMer-b  60.6 389 1479 157.6 785 659 1023 1126 454 31.8 4.0 9.2
AniMer 88.9 89.5 804  85.7 93.8 95.4 4.1 47.6 82.9 83.7 34.9 54.7

Qualitative comparisons of AniMer
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u AniMer-c: trains the AniMer model for one stage.
Experiments
Dataset Animal3D CtrlAni3D Animal Kingdom
Metric AUCtT P@Ht PAJ] PAV| AUCtT P@Ht PAJ]l PAV] AUCT P@Ht P@0.17 P@0.157
HMR2.0 86.7 84.6 941 985 91.8 93.0 609 664 77.3 73.9 22.7 40.2
AniMer-c = 87.2 86.3 859 904 91.7 93.4 595 642 80.6 80.4 28.6 47.5
AniMer 88.9 89.5 804  85.7 93.8 95.4 4.1 47.6 82.9 83.7 34.9 54.7

Qualitative comparisons of AniMer
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Experiments

Method Animal3D CtrlAni3D Animal Kingdom

PAJ, PAV| PAJ, PAV| AUCt P@O.11

wlo Leon® 825 88.0 546 592 81.4 30.4
w/ Lon®* 808 860 461 50.2 81.9 32.1
w/o Leon 813 8677 447 484 82.7 34.4
W/ Leon 804 857 441 47.6 82.9 34.9

Image w/o L on W/ L.on GT

Ablation study of AniMer

24



Experiments

3

Front view

Limitations of LGM

Side view
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Conclusion



Conclusion

AniMer is to estimate the pose and shape from a single image across quadrupedal species
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Conclusion

Inputimage Mesh overlay of AniMer

AniMer is to estimate the pose and shape from a single image across quadrupedal species
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Metrics

PA-MPJPE (Procrustes Alighed Mean Per Joint Position Error)

PA-MPVPE (Procrustes Alighed Mean Per Vertex Position Error)

PCK@HTH (Percentage of Correct Keypoints at Head Top Height)

32



	Slide 1
	Slide 2
	Slide 3: Introduction
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9: Method
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18: Experiments
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26: Conclusion
	Slide 27
	Slide 28
	Slide 31: Appendix
	Slide 32

