
𝜋𝜋3 : PERMUTATION-EQUIVARIANT 
VISUAL GEOMETRY LEARNING

Yifan Wang1,2∗, Jianjun Zhou2,3,4∗, Haoyi Zhu2,5 , Wenzheng Chang1,2, Yang Zhou2,6, Zizun Li2,5, 

Junyi Chen1,2, Jiangmiao Pang2, Chunhua Shen4, Tong He2,3†

Shanghai Jiao Tong University1, Shanghai AI Laboratory2, Shanghai Innovation Institute3 , 
Zhejiang University4, University of Science and Technology of China5, Fudan University6

ICLR 2026

Presenter: 송우석

• site: https://yyfz.github.io/pi3/

• code: https://github.com/yyfz/Pi3

• paper: https://arxiv.org/pdf/2507.13347



Why?

• mentioned in pervious papers (e.g. Easi3R, MASt3R-SLAM …)

• e.g. point map aligned to reference coordinate

• is there a performance degradation due to its dependency?

• also, its weight is used for initialization for SLAM-Former
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Intro
• Visual geometry reconstruction

• a long-standing and fundamental problem in computer vision
• holds substantial potential for applications (e.g. AR, AN)

• methods
• traditional methods

• use iterative optimization techniques like BA

• End-to-end models (e.g. DUSt3R)
• deep learning for reconstructing geometry from image pairs, videos, or multi-view collections

→ Despite these advances, a critical limitation persists in both classical and modern approaches: the reliance on selecting a
single, fixed reference view

• problem of fixed reference view
• SfM & MVS(reference view → global coordinate)

→ introduces an unnecessary inductive bias that fundamentally constrains the performance and robustness of feed-forward neural networks

• reliance on an arbitrary reference
→ poor choice can lead to a dramatic degradation in reconstruction quality

⇒ 𝜋𝜋3: a robust, accurate, fully permutation-equivariant method that eliminates reference view-based 
biases in visual geometry learning
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Related Works
• Classical methods (e.g. SfM, MVS)

• leverage the principles of multi-view geometry to establish feature correspondences across images
• estimate camera poses and generate dense 3D point clouds
• robust, particularly in controlled environments

→ rely on complex, multi-stage pipelines
→ involve time-consuming iterative optimization problems like BA

• feed-forward models (e.g. Dust3R)
• focused on processing image pairs to predict a point cloud within the coordinate system of the first camera
• effective for two views

→ scaling this to larger scenes requires a subsequent global alignment step (time-consuming & unstable)

• Subsequent work (focused on overcoming this limitation)

• Fast3R, FLARE, VGGT
→ their reliance on anchoring the predicted 3D structure to a designated reference frame

⇒ 𝜋𝜋3 departs from this paradigm by presenting a fundamentally different approach
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𝜋𝜋3

• first to identify the reliance on a fixed reference view in visual geometry reconstruction and 
introduce detrimental inductive bias that limits model robustness and performance

• a novel, fully permutation-equivariant architecture that eliminates this bias

• establishes a new state-of-the-art on a wide range of benchmarks on extensive experiments
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𝜋𝜋3

• network architecture (𝜙𝜙)
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𝜋𝜋3

• permutation-equivariance

• key advantages
• reconstruction quality becomes independent of the reference view selection ( VGGT)

• the model becomes more robust to uncertain or noisy observations
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𝜋𝜋3

• omits order-dependent components
• positional embeddings which used to differentiate between frames

• specialized learnable tokens which designate a reference view (e.g. camera token of VGGT)

• process
1. embed each view into a sequence of patch tokens using a DINOv2 backbone

2. then processed through a series of alternating view-wise and global self-attention layers (similar to VGGT) before a 

final decoder generates the output
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Scale-Invariant Local Geometry
• well-known challenge in monocular reconstruction is the inherent scale ambiguity

• objective function

• use ROE solver (proposed by MoGe)

• point cloud reconstruction loss
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𝑠𝑠∗predicted point maps GT point maps



Scale-Invariant Local Geometry
• normal loss (to encourage the reconstruction of locally smooth surfaces)

• confidence loss (BCE)
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threshold parameter



Affine-Invariant Camera Pose
• output camera pose

→ only defined up to arbitrary similarity transformation
• rigid transformation
• single, unknown global scale factor

→ To resolve the ambiguity of the global reference frame, we supervise the network on the relative poses between views

• predicted relative pose

→ but the relative translation’s magnitude is ambiguous

→ resolve this by leveraging the optimal scale factor 𝑠𝑠∗
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Affine-Invariant Camera Pose
• camera loss

• weighted sum of a rotation loss term and a translation loss term

• rotation loss

• translation loss
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Affine-Invariant Camera Pose
• key insight

• real-world camera paths are highly structured, not random
• camera orbiting an object → moves along a sphere

• car-mounted camera → follows a curve

• structure of the predicted pose

⇒ variance of our predicted poses is concentrated along significantly fewer principal components than VGGT, validating the 
low-dimensional structure of our output
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Figure 4. Comparison of predicted pose distributions. (eigen value analysis) Figure 6. Comparison of predicted pose distributions



Model Training
• composite loss function

• Training Datasets
• indoor, outdoor
• synthetic, real-world
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15 diverse datasets



Experiment
• Task

• camera pose estimation
• point map estimation
• video depth estimation
• monocular depth estimation

• Analysis
• robustness evaluation against input image sequence permutations
• ablation study on scale-invariant point maps & affine-invariant camera poses

• Training Details (appendix)

• two-stage training (similar to DUSt3R)

• Stage 1: 16 x A100 GPUs

• Stage 2: 64 x A100 GPUs

• Dynamic Batch Sizing
• Stage 1: 64 images per GPU

• Stage 2: 48 images per GPU

• initialize weight(encoder, alternating attention module) with VGGT pretrained model
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Camera Pose Estimation

Metric & Datasets
• angular accuracy (RRA, RTA, AUC)

→ RealEstate10K, Co3Dv2

• distance error (ATE, RPE-t, RPE-r)

→ Sintel, TUM-dynamics, ScanNet

Result

• new SOTA benchmark in zero-shot generalization
→ Sintel, RealEstate10K

• achieves competitive SOTA results alongside VGGT on
→ TUM-dynamics, in-domain Co3Dv2, ScanNet datasets

⇒ 𝜋𝜋3 shows strong generalization capabilities while 
maintaining excellent performance on familiar data 
distributions

Table 1. Camera pose estimation.
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Datasets
• 7-Scenes, NRGBD (sparse & dense)

• DTU, ETH3D

Metric
• Accuracy (Acc.)

• Completion (Comp.)

• Normal Consistency (N.C.)

Process
• Sim(3) alignment using Umeyama algorithm

• refinement with the ICP algorithm

Result
• strong generalization capability in a broad spectrum of 3D

reconstruction tasks

• robust across synthetic and real-world scenarios, sparse and
dense view settings (Table 2), as well as object-level and
scene-level scales (Table 3)

Point Map Estimation

Table 2. Point map estimation on 7-Scenes and NRGBD

Table 3. Point map estimation on DTU and ETH3D
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Datasets
• Sintel

• Bonn

• KITTI

• NYU-v2 (only in monocular depth estimation)

Metric
• 𝛿𝛿 < 1.25

• Abs Rel

Result (Video depth estimation)
• new SOTA performance across all three datasets within feed-

forward 3D reconstruction methods

• running at 57.4 FPS on KITTI

→ significantly faster than VGGT and Aether despite having a smaller 
model size

Result (Monocular depth estimation)
• SoTA results among multi-frame feed-forward reconstruction 

approaches, even though it is not explicitly optimized for single-
frame depth estimation

• competitively with MoGe, one of the top-performing monocular 
depth estimation models

Depth Estimation

Table 4. Video depth estimation on Sintel, Bonn and KITTI.

Table 5. Monocular depth estimation
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synthetic & driving data



Datasets
• DTU

• ETH3D

Metric
• Acc. std, Comp. std, N.C. std

• mean, median

Result
• near-zero standard deviation across all metrics on DTU and 

ETH3D, outperforming existing approaches

→ highlights the limitations of reference-frame-dependent methods which 
exhibit significant sensitivity to input order

• provide compelling evidence that the proposed architecture is 
genuinely permutation-equivariant

→ ensuring consistent and order-independent 3D reconstruction

Robustness Estimation

Table 6. Standard deviation of point cloud estimation
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lower standard deviation = higher robustness to input order variations



Datasets
• ETH3D (outdoor)

• 7-Scenes (indoor)

• NRGBD (indoor)

Model
• Model 1: no affine-invariant poses & scale-invariant pointmaps

• Model 2: no affine-invariant camera pose modeling

• Full Model: 𝜋𝜋3

Metric
• same as Point Map Estimation

Result
• scale-invariant pointmap modeling

• significant performance gains on outdoor datasets

• but not indoor datasets

→ outdoor scenes are more significantly affected by scale ambiguity

• affine-invariant + scale-invariant  permutation-equivariant

Ablation Study

Table 7. Ablation study on the key components of our model.
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Conclusion

• 𝜋𝜋3

• a feed-forward neural network that presents a new paradigm for visual geometry reconstruction by eliminating the 
reliance on a fixed reference view

• leverage a fully permutation-equivariant architecture
→ inherently robust to input ordering and leads to higher accuracy

• This design choice removes a critical inductive bias found in previous methods
→ achieve state-of-the-art performance on a wide array of tasks

Limitation
• unable to handle transparent objects (𝜋𝜋3 does not explicitly account for complex light transport phenomena)

• lacks the same level of fine-grained detail (compared to contemporary diffusion-based approaches)

• point cloud generation relies on a simple upsampling mechanism using an MLP with pixel shuffling
→ efficient, but can introduce noticeable grid-like artifacts, particularly in regions with high reconstruction uncertainty
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Why Good?
• 𝜋𝜋3

• benefits from pretrained VGGT

• consider scale

• all-pair relative pose supervision
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