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Abstract

3D assembly completion represents a fundamental task in
3D computer vision and robotics. This task aims to retrieve
the missing parts from a set of candidates and predict their 6-
DoF poses to make the partial assembly complete. However,
due to the inherent uncertainty in completion and the simi-
larity among candidates, even humans struggle to achieve
precise completion without external guidance. To address
this challenge, we introduce an auxiliary image depicting
the complete assembly from a specific view. The primary
challenge lies in the lack of correspondence or grounding
between the partial assembly and the image, leading to ambi-
guities in identifying missing parts and ineffective guidance
for completion. Moreover; this correspondence heavily de-
pends on the view of image, which, unfortunately, is often
unknown in real-world scenarios. To this end, we propose
a novel cross-modal 3D assembly completion framework.
At its core is missing-oriented feature fusion augmented by
self-supervised view alignment to establish view-consistent
2D-3D correspondence between the image and the partial as-
sembly, which effectively captures clues of missing parts from
the image and provides targeted guidance for completion.
Extensive experiments demonstrate our state-of-the-art per-
formance on the PartNet dataset and show its generalization
capabilities in two downstream applications: component
suggestion and furniture restoration.

1. Introduction

3D assembly completion is a highly sought-after functional-
ity in various downstream tasks, such as suggesting suitable
components for half-designed furniture in computer-aided
assembly design, and making virtual repair plans for broken
furniture that is missing several parts. Given the point cloud
of a partial assembly, the goal of this task is to identify and
retrieve its missing parts from a set of candidates, then pre-
dict their 6-DoF poses to make the partial assembly complete.
Distinct from the final steps in general assembly, where the
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Figure 1. Challenges of 3D assembly completion. (a) Uncertainty
of completion. (b) Resemblance of candidates.

remaining candidate parts are exactly the missing ones, 3D
assembly completion requires more elaborate understanding
of the structural completeness of partial assembly to infer
the true missing parts. Even for humans, to achieve precise
completion without any external guidance is no easy task.
The challenges are summarized as follows.

First, the uncertainty of completion. The completion result
of a partial assembly is not unique and usually encompasses
a large solution space. Consider, for example, the chair with
an absent back depicted in Fig. 1(a). There can be multiple
completion plans with different combinations of parts to
construct the back. Existing methods [19, 24, 25] employ so-
phisticated designs to memorize the fixed mappings between
partial assemblies and their missing parts, and lack the ability
to infer the desirable completion plan from external guidance,
e.g., target images. Such rigid memorization significantly
hampers the ability to generalize to novel assemblies. When
confronted with an unseen partial assembly, these methods
struggle to accurately predict the optimal completion, hin-
dered by their reliance on constrained experiences derived
from memorizing a limited number of training cases.

Second, the resemblance of candidates. Some candidate
parts, such as the legs illustrated in Fig. 1(b), demonstrate
a high degree of geometric similarity. Previous works in
assembly alleviate this issue by assuming the availability
of part-level instance segmentation for partial assemblies,
which greatly assists in discriminating similar parts. With
part instance segmentation, it becomes straightforward to
identify the missing leg in Fig. 1(b) by comparing the candi-
date parts with the other three legs of the partial assembly,
which share the same geometry. Unfortunately, partial as-



semblies in real-world applications are often scanned point
clouds without part-level segmentation. Even with the state-
of-the-art method of 3D part instance segmentation [18], the
average precision is only 56% for chairs and 43% for tables.
Such levels of precision are inadequate for reliably guiding
the accurate retrieval of missing parts.

In this paper, we seek a solution by introducing a single-view
image, termed image-guided assembly completion. This is
motivated by the fact that humans often refer to an auxiliary
image for completion guidance. In practice, the image can be
either a product rendering or a realistic photo of the assembly.
As a completion target, this image depicts the expected part
composition and structure of the assembly from a specific
view, mitigating the uncertainty of completion. Moreover,
it provides potential clues for identifying the missing parts
from a visual perspective, alleviating the confusion of parts
caused by lack of part segmentation.

Despite its advantages, guiding 3D assembly completion
using a single-view image is a non-trivial task. The primary
challenge lies in establishing the correct correspondence be-
tween the partial assembly and the image. In this context,
correspondence can be seen as a process of visual grounding,
where the goal is to identify which areas in the image corre-
spond to the partial assembly and which represent the miss-
ing parts. Moreover, this correspondence largely depends
on the view of image. Even the same part can present dis-
tinct features when observed from different views. Existing
works in related fields, such as view-guided shape comple-
tion [1, 36], address this challenge by providing the image
view and pre-aligning the partial point cloud accordingly.
However, this approach imposes significant restrictions on
the dataset, requiring additional annotations of image views
and increasing the cost of data collection. Meanwhile, its
applicability is limited in real-world scenarios, where the
image view is often unknown. One may raise a potential
solution by image-to-point cloud (I2P) registration. How-
ever, even with I2P registration [21], the average correct
correspondence proportion among all I2P pairs is only 47%,
and this rate tends to be even lower for partial assemblies.

Considering these limitations, we aim to solve a more prac-
tical and challenging setting of 3D assembly completion,
where the partial assembly is unsegmented and the view
of image is undetermined. To this end, we introduce a
novel image-guided 3D assembly completion framework
with view-consistent 2D-3D correspondence. As the core of
the framework, we design missing-oriented feature fusion
to establish the correspondence between the 2D image and
the 3D partial assembly, which precisely captures the re-
gions of missing parts from the image and efficiently utilizes
these clues to determine the missing parts. An auxiliary task
of view alignment is proposed to constrain the view con-
sistency of this correspondence and ensure efficient cross-
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modal guidance. Leveraging these designs, our method not
only achieves state-of-the-art completion results on the Part-
Net dataset, but also demonstrates strong generalization to
real-world applications, including component suggestion for
assembly design and restoration of real-world IKEA furni-
ture with realistic photos.

In summary, our main contributions are as following.

Present an image-guided solution towards a more practical
assembly completion scenario, eliminating the necessity
for unrealistic assumptions such as pre-segmented partial
assembly or pre-aligned image view.

Design a novel view-consistent cross-modal learning
framework for 3D assembly completion, incorporating
self-supervised view alignment and missing-oriented fea-
ture fusion, both optimized jointly in an end-to-end man-
ner.

Achieve state-of-the-art in 3D assembly completion, and
demonstrate flexible applicability across two real-world
applications.

2. Related Work
2.1. Assembly-based Shape Modeling

Automatic assembly is a desirable ability of the intelligent
robot to assist with various assembly works. Using Part-
Net [14], a large-scale dataset of 3D shapes with part-level
annotation, recent works have explored a series of assem-
bly tasks. Zhan et al. [34] first define the task of 3D part
assembly that aims to predict 6-DoF poses for a given set
of semantic parts and assemble them into a whole. After
that, different attempts are explored with more efficient mod-
eling, such as sequential models [7, 26], attention mecha-
nisms [5, 29, 35], diffusion models [3]. Similarly, Chen et
al. [2] propose shape neural matting that focuses on pair-
wise assembly of parts without semantic information. Li et
al. [11] leverage a single image to guide assembly with a
two-stage design, which requires extra 2D part segmentation
for intermediate supervision. MEPNet [22] aims to assem-
ble LEGO bricks according to step-by-step manual images
rather than a single image. There are also emerging works
that focus on physical and structural constraints of assembly,
e.g., connectivity [12].

Completing partial assemblies denotes another essential as-
sembly task. Known as 3D assembly completion, this task is
not about the final steps of a complete assembly process. In-
stead, it requires retrieving suitable parts and predicting their
poses to complete the partial assembly. ComplementMe [19]
proposes a component suggestion method, which consists
of a retrieval network and a placement network. FiT [24]
utilizes an encoder-decoder architecture for more elaborate
modeling of the relationship between the partial assembly
and the candidate parts. PhysFiT [25] further considers



several essential structural constraints in the design, i.e., con-
nectivity, stability and symmetry. Nevertheless, these works
are built on the impractical assumption that the partial as-
sembly is annotated with part segmentation. In this work, we
explore a more realistic setting of completing partial assem-
blies without part segmentation and address the challenge
by introducing image-guided assembly completion.

2.2. View-guided Point Cloud Completion

Point cloud completion is an essential task in 3D computer
vision that aims to recover the complete point cloud from
partial ones. The incompleteness can be caused by several
reasons, e.g., occlusions and low resolution of the sensor.
The missing region is usually irregular without semantic
meaning, which entails a different type of incompleteness
compared to that in 3D assembly completion. Existing works
have extensively explored this issue by learning 3D shape pri-
ors, including PCN [33], ShapeFormer [31], AutoSDF [13],
SnowflakeNet [28], Seedformer [37], AdaPoinTr [32] and
DiffComplete [4], among others.

Recently, Zhang et al. [36] propose to complete partial point
clouds with an extra image, namely view-guided point cloud
completion (ViPC). ViPC leverages a pre-trained single-view
reconstruction network to reconstruct a coarse point cloud
from the image and refine it jointly with the partial point
cloud. Feature fusion is conducted in 3D space. Instead,
XMFnet [1] extracts features for each modality and merges
them in the latent space. Both methods rely on the predefined
view of image. That is, the perspective of the partial assem-
bly is pre-aligned with that of the completed assembly in the
image, ensuring efficient cross-modal fusion. However, the
view of image cannot always be assumed to be known in
advance in real applications. EGIInet [30] and CDPNet [6]
alleviate this issue by more efficient multi-modal fusion de-
signs. In this work, we address this issue by designing a
novel view-consistent cross-modal learning framework.

3. Method

3.1. Overview

Initially, we provide a formal definition of the image-guided
assembly completion task. Given a partial assembly A and
a reference image [ of the target assembly, this task aims
to retrieve the missing parts M = {p1, ..., px} from a set of
candidate parts C' = {ps, ..., py } and predict their 6-DoF
poses {(r1,%1), ..., (T, tx) } to make the assembly complete.
Here, r denotes the quaternion-based rotation and ¢ denotes
the translation. Assemblies and parts are both represented by
point clouds. Importantly, our method requires neither part
segmentation on the partial assembly nor its relative view
from the image, presenting a more realistic yet challenging
scenario.
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The pipeline of our framework is illustrated in Fig. 2(a),
which consists of two core modules. (1) View alignment
determines the relative view between the image and partial
assembly through a view predictor, which is optimized by a
self-supervised projection loss between the projection of the
completed assembly and the silhouette of the image. (2) The
missing-oriented feature fusion first aligns (or rotates) the
partial assembly according to the relative view, and then ex-
tracts a view-consistent feature for the missing parts through
differential attention. This feature is further fused with that
of candidate parts for the final prediction of the missing
parts. The partial assembly is completed in an autoregressive
manner, with view alignment jointly optimized along this
process. Details are explained as follows.

3.2. Self-supervised View Alignment

When leveraging a single-view image to complete a partial
assembly, we must first ground the partial assembly in the
image from its specific view, in order to identify which
parts already exist and which are missing. To achieve this,
we employ a ResNet-based [8] view predictor to estimate
the view of the partial assembly v in relation to the image,
which consists of a quaternion-based rotation » € R* and
a scaling c. This view is used to rotate the partial point
cloud and align it with the image view, which facilitates
the discovery of missing parts in the image and ensures the
view consistency in 2D-3D feature fusion. In the following
sections, we denote this view transformation as 7.

During optimization, we apply 7, to the final completed
assembly A and use a differential renderer R [9] to com-
pute its differential projection R(T,(A)). This projection
is supervised by the silhouette of the image S; through the
calculation of a self-supervised projection loss:

Loroj = Aprojl|St — R(To(A)) |1 (1)

3.3. Missing-oriented Feature Fusion

In our setting, the image depicts the anticipated part compo-
sition and structure of the target assembly from a specific
view. In view alignment, we have grounded the partial as-
sembly with the image, i.e., aligned it with the image view.
Next, we design a missing-oriented feature fusion with an
encoder-decoder architecture to establish the correspondence
between the image and partial assembly. The cross-modal
encoder efficiently extracts potential key information of the
missing parts. The part decoder fuses this information with
the candidate parts for final prediction of the missing parts.

Cross-modal encoder. Given a partial point clouds and an
image, we initially utilize distinct backbones to encode each
modality into a latent feature space. Specifically, the image
is divided into p; patches and embedded into F; € RP? 256
using a multilayer perceptron (MLP). Similarly, we employ
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Figure 2. (a) Illustration of our framework. Missing-oriented feature fusion learns the correspondence between the 3D partial assembly
A and the 2D target image I. View alignment ensures the view consistency of this correspondence for efficient fusion. The assembly is
completed autoregressively by part retrieval and pose prediction from a set of candidates C'. (b) The encoder-decoder architecture in feature
fusion. We visualize an example to illustrate the process of missing discovery with differential attention.

PointNet++ [16] to derive patch features from the partial
point clouds. This involves selecting ps points as centers
via farthest point sampling, followed by the allocation of
neighboring points to each center via ball query. These
point patches are hierarchically embedded into patch features
F4 € RP2%256 yia a two-layer set abstraction.

Then we compute the attention mechanism between F1 and
F'4 to establish their correspondence. We first employ self-
attention [20] to capture the relationships among patch fea-
tures within the partial assembly. The updated feature F'4
interacts with F via the differential attention, which is for-
mally defined in Eq. (2):

)

[Fr,post|Wg v

QK" D
Vi
[FA,pOSA]WQ,K/V =

diff-att = Softmax
(2)

Q=

Q is derived from F4 and K/V from F; using different
weight matrices, concatenated with position encoding pos 4
and posy, respectively. Specifically, we employ an absolute
position encoding for image features F; and the center of
the point patch for the features of partial assembly F'4.

When establishing their correspondence, the regions of miss-
ing parts in the image offer crucial guidance for the com-
pletion. Therefore, we design a missing discovery module
that focuses on identifying and highlighting these missing re-
gions. This is achieved by computing a differential attention
map D as defined in Eq. (3):

D =||Sr - R(

T,(A)|l- ©)
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Here, St denotes the silhouette of the image, and R(7T,(A))
denotes the rendering of partial assembly. T, denotes the
view transformation from view alignment. This differential
attention map is utilized to modulate the attention weights
through a counterpoint addition operation denoted as € in
Eq. (2), which directs the cross-modal fusion module to con-
centrate on the precise regions of missing parts, rather than
the entire image. An illustration of this differential attention
map is provided in Fig. 2(b). As depicted, the regions corre-
sponding to missing parts exhibit larger weights in the map
(highlighted in orange). Its effectiveness is demonstrated in
the ablation study.

Part decoder. The merged feature F, . € RP2%256 ob-
tained from the cross-modal encoder encodes potential infor-
mation of the missing parts. The part decoder (Dec) condi-
tions on this merged feature to predict the missing parts, as il-
lustrated in Fig. 2(b). We utilize PointNet++ to extract patch
features [ € RV*P3%256 for each candidate part. Here, N
denotes the number of candidates and p3 denotes the number
of patches for each candidate. These features, contained in
Fo, are employed as queries to compute cross-attention with
Fyse. Subsequently, the patch features for each candidate
part are concatenated, resulting in per-part features denoted
as F,g, € RV*(P3x256) Finally, we use two predictors to
predict binary classification scores and 6-DoF poses for the
candidate parts. The model autoregressively retrieves and
assembles the missing parts based on the scores and poses,
which is further elucidated in the subsequent section.

3.4. Autoregressive Learning

The framework is designed in an autoregressive completion
manner, as outlined in Algorithm 1 (See supplementary ma-



terial). To initiate the process, we predict the view of the
image using the view predictor and extract features for both
the partial assembly and the image. In each step, the frame-
work retrieves a candidate part p; with the highest score,
designating it as the missing part. Subsequently, it assem-
bles the selected part 7T;(p;) with the partial assembly, where
T;; represents the joint transformation of pose (r;,t;). Then
we add T;(p;) to the partial assembly and remove this part
from the list of candidate parts for the next step. The algo-
rithm runs for k iterations where k denotes the number of
missing parts.

Learning of the framework encompasses multiple tasks, in-
cluding candidate classification, pose prediction, and view
alignment. These tasks are supervised by a combination of
loss functions:

L= )\cls‘ccls + £pose + )\proj['proja

4
Epose = >\t£t + )\rﬁr + )\scdﬁscd + )\symﬁsym- ( )

We supervise the predicted classification scores of candidate
parts y; with the Cross-Entropy (CE) loss:

(&)

y;:* denotes the ground-truth label of part j in the ¢-th
iteration, where the true missing parts are assigned with 1s
and otherwise 0s. The predicted poses (r;, t;) are supervised
with the translation loss and rotation loss:

k
1 2
L= p ; t: —t:"|l5

" (6)
L, = % Z de. (Ti (pz) 7Ti* (pl)) .
1=1

To ensure the overall geometric consistency and structural
symmetry of completed assembly, we employ the shape
Chamfer distance loss and symmetric loss [24] between the
completed assembly S and the ground-truth assembly S*:

Lseq =dc (878*)7£sym =d. (@(S),S*), (7

where ® denotes the mirror transformation.

4. Experiments

In this section, we present experimental settings and provide
a comprehensive evaluation of the proposed method through
comparisons with state-of-the-art methods and an ablation
study of our core designs.

4.1. Experimental Settings

Dataset. We conduct experiments on PartNet [14], which is
a large-scale dataset of 3D shapes annotated with part-level
segmentation. We choose chair, table, lamp and storage
furniture, the major categories of furniture. Since part of
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PartNet assemblies lack textures, we use PyTorch3D [17]
to render 8 texture-less images by rotating the assembly at
45-degree intervals in the yaw angle while keeping the pitch
and roll angles fixed, covering most common views. The
images have a resolution of 128 x 128. During training, we
randomly select an image from the 8 renderings as input.

Implementation details. The framework is implemented
with Pytorch [15] and optimized with the AdamW optimizer
for 500 epochs on 4 Nvidia V100 GPUs with a learning rate
of 1.5 x 10~%. The batch size is set to 64. We randomly
sample k parts as the missing parts and the remaining as the
partial assembly. The candidate parts are set with N = 20,
containing k ground-truth missing parts and N — k disruptive
parts sampled from other assemblies in the same batch. We
defined three task modes: easy, medium, and hard, corre-
sponding to different values of k& (k = 1 for easy, k = 3 for
medium, and k& = 5 for hard). To reduce computational com-
plexity, we resample the partial assembly with 2048 points
for differential rendering. The projection of assembly has the
same resolution as the image. The layers of attention mod-
ule are set to 3 as default. The patch size of image/partial
assembly/candidate part is set to 64/64/8.

4.2. Metrics

We adopt three metrics from previous assembly works [24,
34] to evaluate the quality of part retrieval and pose pre-
diction. Match Accuracy (MA) measures the proportion of
missing parts that are correctly retrieved from the candidates.
Completion Chamfer Distance (CCD) is defined as the over-
all Chamfer distance between the predicted parts and the
ground-truth missing parts. A lower distance indicates a
higher geometrical consistency. Part Accuracy (PA) denotes
the proportion of retrieved parts within a Chamfer distance
of 0.01 compared with the ground truths. Definition can be
found in supplementary material.

4.3. Main Results

We compare our method with several relevant works that
focus on completing partial assemblies, including assembly-
based methods (3DPA [11], FiT [24]) and generative meth-
ods (AdaPoinTr [32], XMFnet [1], EGIInet [30], TREL-
LIS [27]). The implementation details of these methods and
results of TRELLIS are reported in supplementary material.

Comparison results. The quantitative results, summarized
in Tab. | and Tab. 2, demonstrate that our method outper-
forms all competitors across most settings. The advantages
of our method become increasingly evident as the difficulty
level rises from easy to hard. 3DPA is unable to capture
the accurate correspondence between parts of 3D partial
assembly and the image, and exhibits poor performance con-
sequently, especially in hard mode. FiT heavily relies on
accurate part segmentation to generate instance encoding,
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-2
Mode Method ) M ) ) M ) ] M ]
Chair Table Lamp Cabinet | Chair Table Lamp Cabinet | Chair Table Lamp Cabinet

3DPA 19.89 2821 20.56 14.49 51.68 59.49 64.49 35.67 2.61 1.32 3.67 0.87
Easy FiT 28.43 3692 22.89 11.89 49.81 53.85 60.75 26.34 1.56 8.72 2.81 0.91
Ours 55.27 64.63 28.19 39.61 58.70 69.37 63.05 43.88 0.86 0.55 3.13 0.55
3DPA 13.81 2324 9.89 13.75 38.70 4545 39.06 28.67 342 1.80 4.10 0.92
Medium FiT 20.69 24.18 14.32 11.19 37.66 48.17 40.36 25.87 2.33 1.49 3.89 0.97
Ours 39.84 37.16 14.52 28.24 4943 57.69 41.76 39.47 0.99  0.69 2.94 0.59
3DPA 1.30 2.71 3.64 3.77 20.08 27.02 23.27 19.16 5.54 2.86 6.13 1.45
Hard FiT 1.34 3.05 6.18 3.22 2226 2434 2436 16.92 5.84 2.89 5.57 1.43
Ours 23.14 26.56 10.81 14.93 35.64 44.68 36.19 31.01 0.73 0.41 1.93 0.60

Table 1. Quantitative results compared with the assembly-based methods.

which provides strong evidence for missing part retrieval.
Without accurate segmentation, FiT presents significant de-
clines in PA and MA. AdaPoinTr yields subpar results in
CCD, attributed to its design on modeling the entire assembly
without efficient designs for handling missing parts. XMFnet
assumes the view of the image to be known and loses effi-
cacy in our setting, where the partial assembly is not aligned
with the image view. It fails to capture the precise missing
parts of the partial assembly, resulting in worse performance.
Compared to different categories of furniture, lamp and cabi-
net are more difficult. Lamps usually contain irregular parts,
such as lampshade and bulb. Cabinets have a more complex
structure and contain more geometrically similar parts.

We provide more qualitative results with a medium diffi-
culty in Fig. 3. FiT suffers from inaccurate part retrieval,
especially in distinguishing geometrically similar parts, as in-
dicated by the blue dotted boxes. While AdaPoinTr achieves
better visual results in completion, it does not effectively re-
solve the uncertainty of completion, resulting in inconsistent
geometries, blurry boundaries and connections as indicated
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by the red dotted boxes. XMFnet inaccurately models the
distribution of missing parts due to the lack of view align-
ment, leading to poor generalization across novel partial
assemblies. In comparison, our method precisely identifies
the missing parts and reduces completion ambiguities with
the guidance from image, alleviating the issues of uncertainty
and similarity.

Analysis of view. Images under different views present dis-
tinct information for assembly completion. If the missing
parts are obscured by other parts in a certain view, extracting
effective guidance for assembly completion becomes chal-
lenging. This results in the differential attention mechanism
failing to yield informative cues about the absent parts. We
provide additional qualitative results to evaluate the effect of
view in Fig. 4(a). The overall performance is robust. Side
views are more beneficial for completing partial assemblies,
which convey more useful information for completion. We
also visualize an example of chair that misses a back, a seat
and a leg in Fig. 5. Occlusion (the first view) and overlap
(the third view) hinder the identification of the missing leg



Mode Method Chair Table Lamp Cabinet
AdaPoinTr  2.89 211  19.04 12.42
B XMFnet 2099 1569 1957  11.99
asy EGIlnet 131 829 1551  8.15
Ours 08 055 313 055
AdaPoinTr 8.85 397 801 3.08
Modiun ~ XMFnet 857 548 1905 288
4 EGIlnet 487 242 635 1.98
Ours 099 069 294 059
AdaPoinTr 483 192 501 1.67
Hard XMFnet 525 396 2443  1.38
ar EGllnet  3.02 137 437 1.10
Ours 073 041 193  0.60

Table 2. CCD (10~2) compared with generative methods.
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Figure 4. (a) Effect of images from different views. 0 represents
the front view and +180 the back. (b) Evaluation of N.
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Figure 5. Visualization of an example, completed with images of
the same chair from different views.

through differential attention. Consequently, this leads to the
retrieval of a leg part that is either disproportionately short
or excessively long.

Analysis of N. The number of candidate parts N can be
flexibly configured. As N increases, our method exhibits
robust performance, shown in Fig. 4(b).

4.4. Applications

Component suggestion. The ability to complete partial as-
semblies by reusing parts from existing 3D models is a highly
sought-after functionality in assembly design, referred to as
component suggestion [19]. Our proposed method facil-
itates image-conditioned component suggestion, enabling
the completion of partially designed assemblies into diverse,
plausible full designs based on novel images. In this context,
we configure the toolkit with N = 100, where candidate
parts are randomly sampled from a batch of 64 assemblies.
Fig. 6 illustrates the assembly completion results for a chair,
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Realistic Photo Completion Results

Figure 7. Completion results of chairs from IKEA-Manual. The
correctly completed parts are visualized in green, otherwise in red.

where the backrest is in progress, using one part and three
parts, respectively. As demonstrated, our method is more
adept at understanding style variations in chair backs from
novel images, thereby constructing structures that are more
consistent with the visual cues in the image.

Furniture restoration. Our method can also be extended
to generate feasible repair plans for broken furniture in a
virtual environment, using a realistic photo as input. We test
our model on the chairs from IKEA-Manual [23], which is
collected from real-world IKEA furniture, with dense anno-
tations of 3D part decomposition and assembly plan, aligned
with visual manuals. We present three case examples in
Fig. 7 (additional cases are provided in supplementary ma-
terial). In this context, we sample candidate parts from the
assembly itself and set the maximum number of candidates
to N = 20. The reference images are realistic photos col-
lected from the web. We adopt SAM [10] and grayscale
processing to obtain the texture-less foreground object as the
input of our model. As shown, our method is capable of ac-
curately identifying the missing parts in most cases, without
view constraints on the image. Errors mainly arise in cases
involving integrated parts, such as the backrest of the third
chair, which differs from the fine-grained parts learned by
the model.



Ablation PA(%) T MA(%)1 CCD(1072) ]
w/o Ly 26.77 38.05 1.04
w/o L, 36.02 46.43 1.08
w/0 Lsca 25.02 42.84 1.67
w/0 Lsym 29.79 44.47 1.41
w/o image 25.25 34.68 0.69
w/o alignment 28.56 39.04 1.47
w/o discovery 28.61 38.53 1.46
w/o autoregression 37.61 46.12 1.17
Ours 39.84 49.43 0.99

Table 3. Ablation of the loss components and designed modules.

4.5. Ablation Study

Effect of the additional image. To explore the function
of image, we utilize the features of partial assembly F'4 to
compute cross-attention with those of the candidate parts,
disabling the cross-modal encoder. As shown in Tab. 3,
this leads to an improvement in CCD while a decline in the
other metrics (refer to w/o image). This phenomenon can be
attributed to the substantial uncertainty in the completion pro-
cess when image information is not available. Without visual
guidance, various combinations of parts could potentially ‘fit’
the region of the missing parts, resulting in a smaller CCD
despite the incorrectness of these parts. This also indirectly
validates the effectiveness of our designed image-guided as-
sembly completion framework in eliminating ambiguities
of completion and guiding precise assembly, which is fur-
ther corroborated by the visual examples in Fig. 9(a). In
the absence of the image, it is hard to correctly locate the
missing bars on the back, whereas the introduction of image
information compensates for this deficiency.

Effect of view alignment. In Fig. 8, we visualize the ren-
dering of partial assembly with view transformation and
compare it with the silhouette of image. As shown, the pre-
dicted view is consistent with that of the image with little
deviation. The blur on the boundary is caused by the nature
of differential rendering. Without view alignment, the cross-
modal fusion between partial assembly and image becomes
aimless and inefficient, with a drastic decline in performance
(see w/o alignment in Tab. 3).

Effect of missing discovery. In feature fusion, missing dis-
covery with a differential attention captures potential infor-
mation of missing parts from image modality and facilitates
the establishment of view-consistent 2D-3D correspondence.
As shown in Tab. 3, we observe a decline in PA and in MA
without missing discovery (see w/o discovery), indicating
its effectiveness. Additionally, a qualitative analysis is pre-
sented in Fig. 9(a). Equipped with missing discovery, our
method is able to distinguish the missing bars on the back
that are close together and locate their positions precisely.
Note that this design relies on view alignment to determine
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Effect of loss components. We investigate the effect of loss
components by removing them separately. Tab. 3 reveals that
both £; and L4 are crucial for supervising the predicted
poses. Additionally, £; significantly influences the accuracy
of part retrieval. L., and L4 contribute to the overall
completion effect (CCD).

Effect of autoregressive learning. We remove autoregres-
sive learning and predict all k¥ missing parts once. In this
case, we select top-k candidate parts ranked by their scores
as missing parts. As shown in Fig. 9(a), multiple identical
parts are likely to compete for the same position without
autoregressive learning, which is an issue reported by Phys-
FiT [25].

5. Conclusion

In this paper, we present a novel image-guided 3D assembly
completion framework. Our core idea lies in joint learning
of missing-oriented feature fusion and self-supervised view
alignment, to establish a view-consistent correspondence
between 3D partial assembly and 2D image. As evaluated,
our method better comprehends the visual details of missing
parts from the image for more precise and generalizable
assembly completion.

Limitations. We illustrate several challenging examples in
Fig. 9(b). Even with image guidance, distinguishing parts
that are extremely similar in geometry remains difficult (case
1). Additionally, identifying the correct orientation for elon-
gated, stripe-like parts can be challenging (case 2). Further
improvement could be achieved by incorporating connectiv-
ity constraints for more precise completion or by extending
the framework towards the completion of furniture in real-
world environments with real-scanned data.
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