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Code & Datasets

► Overall Pipeline

► Manual-Guided Part Permutation Learning
1. Similarity

2. Hungarian Matching

3. Order

► Manual-Guided Part Pose Estimation
1. Sinusoidal Encoding

2. Permutation

3. Method - Manual-Guided Part Assembly

► Key Challenges
1. Cross-Modal Alignment: How to match 2D diagrams with 3D parts to 

infer the assembly sequence?
2. Guided Pose Estimation: How to leverage the inferred sequence as 

guidance without accumulating errors?
► Contributions
1. A Novel Task: We introduce and formulate the new task of manual-

guided 3D part assembly.
2. A Novel Framework (Manual-PA): We propose an end-to-end 

Transformer-based model that learns the assembly order via contrastive 
learning and uses it as soft guidance for robust pose estimation.

3. SOTA Results: Our method significantly outperforms prior works on the 
PartNet benchmark and shows strong zero-shot generalization to the 
real-world IKEA-Manual dataset.

2. Challenges & Contributions

4. Results 

► Problem Statement

Given (a) a diagrammatic manual book demonstrating the step-by-step 
assembly process and (b) a set of texture-less furniture parts, the goal is to 
(c) infer the order of parts for the assembly from the manual sequence and 
predict the 6DoF pose for each part such that the spatially transformed 
parts assembles the furniture described in the manual.

1. Introduction
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► Losses
1.  Loss for Permutation Learning
     (a) Contrastive Loss

2.  Losses for Pose Estimation
     (a) Translation Loss (L2)

     (b) Rotation Loss (Chamfer)

     (c) Rotation Loss (L2)

     (d) Shape Loss (Chamfer)

     (e) Final Loss


