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Figure 1. An overview of box-splitting-based 3D shape generative framework. The left shows our iterative box splitting and box-to-shape
generation, where diverse shapes at the top of the tree become increasingly specific deeper in the tree. The right showcases our user-interactive
box and shape editing demo.

Abstract

Human creativity follows a perceptual process, moving from
abstract ideas to finer details during creation. While 3D gen-
erative models have advanced dramatically, models specifi-
cally designed to assist human imagination in 3D creation–
particularly for detailing abstractions from coarse to fine–
have not been explored. We propose a framework that en-
ables intuitive and interactive 3D shape generation by itera-
tively splitting bounding boxes to refine the set of bounding
boxes. The main technical components of our framework are
two generative models: the box-splitting generative model
and the box-to-shape generative model. The first model,
named BOXSPLITGEN, generates a collection of 3D part
bounding boxes with varying granularity by iteratively split-
ting coarse bounding boxes. It utilizes part bounding boxes
created through agglomerative merging and learns the re-

*Equal contribution.

verse of the merging process—the splitting sequences. The
model consists of two main components: the first learns the
categorical distribution of the box to be split, and the sec-
ond learns the distribution of the two new boxes, given the
set of boxes and the indication of which box to split. The
second model, the box-to-shape generative model, is trained
by leveraging the 3D shape priors learned by an existing
3D diffusion model while adapting the model to incorporate
bounding box conditioning. In our experiments, we demon-
strate that the box-splitting generative model outperforms
token prediction models and the inpainting approach with
an unconditional diffusion model. Also, we show that our
box-to-shape model, based on a state-of-the-art 3D diffusion
model, provides superior results compared to a previous
model.



1. Introduction
In recent years, significant progress has been made in 3D
generative models, promising production-level quality in the
near future. This success is largely driven by the rise of
diffusion models and their applications across various 3D
shape representations, including latent representations [11,
20, 33, 68], point clouds [2], voxels [29, 64], meshes [3,
32], B-reps [65], and Gaussian splats [49]. As we witness
these remarkable advancements in 3D generation, the next
frontier lies in enhancing the controllability of the generation
process.

For conditional generation, text prompts have become the
most popular conditioning input for both 2D image [6, 14,
16, 35, 46, 58, 62] and 3D shape generation [20, 39, 50, 71].
However, they offer limited controllability, particularly when
it comes to spatial guidance. As an alternative, bounding
box grounding has been explored for both 2D [25, 31] and
3D guided generation [50], offering notable benefits, such
as ease of manipulation by users and its effectiveness in
abstracting shapes and providing spatial guidance.

Particularly for 3D shapes, the key benefit of primitive-
based abstraction lies in its ability to represent part-level
structures [15, 18, 21, 26, 42, 54, 67] while effectively encod-
ing hierarchical relationships across parts [26, 42, 44, 54].
Notably, foundational studies from the 1970s and 1980s [4,
36, 61] revealed that the human visual system perceives
3D objects as hierarchically organized sets of primitives,
progressing systematically from coarse to fine granularity.
This hierarchical framework resonates with human creativ-
ity, where the imaginative process similarly unfolds through
structured, incremental levels of detail.

Building on these studies, we propose a user-interactive
3D generation framework that reflects the hierarchical nature
of human imagination. Figure 1 and the supplementary
video demonstrate the user-interactive generation examples
using part bounding boxes. Our framework enables users to
create 3D objects starting with a rough design represented
by coarse bounding boxes, progressively adding more detail
by splitting a bounding box into smaller, finer-grained boxes.
This process allows users to explore diverse shapes using
coarse bounding boxes (intermediate nodes in the tree shown
in Figure 1) while specifying the design by increasing the
level of granularity (bottom nodes). The iterative approach
helps users efficiently create detailed and desired 3D shapes
with minimal effort. In the interface shown on the right in
Figure 1 and the supplementary video, users can transform
bounding boxes and adjust their granularity by splitting them
into finer components.

Creating such a framework requires two generative mod-
els: a box-splitting generative model and a box-to-shape
generative model. The purpose of the first model is to gener-
ate two finer-grained bounding boxes by splitting a coarse
bounding box. Training this generative model necessitates a

dataset containing sequences of box-splitting results. While
extensive research has been conducted on extracting part-
level primitives from raw 3D shapes [10, 12, 43, 45, 57, 67],
most previous methods are unable to generate bounding
boxes at various granularity or capture their hierarchical re-
lationships. Some prior works have introduced hand-crafted
datasets [37], but these are limited in scalability and diver-
sity across different shape categories. To address the lack of
training data, we focus on leveraging a recent method [42]
that generates bounding boxes for parts through hierarchical
merging, starting from super-segments. This agglomerative
merging approach naturally produces a set of bounding boxes
with varying levels of granularity, down to a single bounding
box, along with their two-to-one merging relationships. Our
goal is to learn the reverse process of merging.

We model the reverse process of hierarchical merging, it-
erative splitting, using a generative model named BOXSPLIT-
GEN. While iterative splitting can be viewed as a sequential
process, it has unique characteristics that make it incom-
patible with typical sequence generation models, such as
GPT [5, 48]. First, the generation of the next token (bound-
ing box) is conditioned not only on the previous tokens but
also on the selection of the box to be split. Second, and more
importantly, the selected box is removed after splitting. Con-
sequently, the set of bounding boxes at an intermediate step
is not a subset of those at the final step, making GPT-like
models unsuitable for this task. To address this, we propose a
two-step autoregressive model that leverages a classifier and
a diffusion model. In the first step, we learn the distribution
of boxes to be selected for splitting using a classification
network. In the second step, we use a conditional diffusion
model, where the given set of boxes, along with an indication
of the box to split, is used as conditioning input to generate
the two split boxes.

The second generative model in our framework is a
bounding-box-conditioned 3D shape generative model. To
achieve this, we finetune 3DShape2VecSet [68] to incorpo-
rate bounding box conditioning using the ControlNet [35]
approach, while preserving the high-quality 3D shape pri-
ors learned by 3DShape2VecSet. ControlNet requires the
representations of the denoised data and the input condi-
tion to be in the same format. Previous work [50], which
uses Shape-E [20] as a base 3D diffusion model, addresses
this by converting bounding box representations into multi-
view images and processing them with a pretrained encoder.
In contrast, we propose a simpler yet effective approach:
directly encoding the bounding boxes into the latent repre-
sentation using a learnable encoding layer, which is jointly
trained with the ControlNet branch.

In our experiments on the ShapeNet [7] dataset, we
compare our method with several baselines for both box-
splitting generation and bounding-box-conditioned shape
generation. For box-splitting, we evaluate against a to-



ken prediction model and an inpainting approach using
an unconditional diffusion model that preserves existing
boxes while filling two new ones. Our conditional diffu-
sion model achieves the best performance, while the inpaint-
ing baseline shows comparable but slightly inferior results.
For bounding-box-conditioned shape generation, we com-
pare with Spice-E [50], which uses Shape-E [50] instead
of our 3DShape2VecSet, and with a finetuned version of
3DShape2VecSet [68] that replaces ControlNet with a Gated
Mechanism. Our model outperforms these alternatives in
both the quality of generated shapes and their alignment with
the input bounding boxes.

2. Related Work
3D Shape Abstraction Methods There is a substantial
body of prior work focused on abstracting raw 3D shapes
into collections of basic shape representations, such as
cuboids [21, 42, 55, 57, 67], superquadrics [43], primi-
tives [24, 27, 30, 70], and implicit fields [9, 10, 12, 41, 45].
While these methods effectively extract primitives that rep-
resent parts of a given 3D shape, most do not capture the
hierarchical relationships across these parts. However, a few
approaches have been proposed that jointly extract both the
primitives and their hierarchical structures. Sun et al. [55]
present a method for extracting cuboids in a hierarchical
structure while enforcing inclusion relationships across lev-
els. However, the method is limited to three levels of hierar-
chy, which restricts the range of granularities from coarse to
fine. In contrast, SMART [42] offers an iterative approach
for agglomeratively merging super-segments into more ab-
stract bounding boxes. Since SMART starts with fine-level
super-segments, it allows for a much wider range of gran-
ularities. Thus, as training data for our generative model,
we use the outputs of SMART while progressively merging
bounding boxes until a single box remains. Our genera-
tive framework learns the reverse process of this iterative
merging: splitting a bounding box into two.

Shape Structure Generative Models Generative models
for 3D shape structures have been explored in previous work,
but they often face limitations in scalability or in controlling
the number of primitives and the granularity of the abstrac-
tion. StructureNet [37] and GRAINS [28] are methods for
generating sets of part-level bounding boxes for individual
objects and object-level bounding boxes for scenes, respec-
tively. Both approaches use recursive neural networks to
train variational autoencoders (VAE) for learning N-ary hi-
erarchies. However, these methods rely heavily on anno-
tated datasets such as PartNet [38] and SUNCG [52], which
limit their scalability. SPAGHETTI [17], SALAD [23], and
DiffFacto [22] represent another line of work that does not
require hand-crafted datasets for training. Instead, these
methods generate part-level structures by learning from data

obtained in an unsupervised manner [23], or even while
jointly learning the part-level structure [17, 22]. However,
these methods are limited in their ability to vary the num-
ber of parts. GRASS [26], SAGNet [63], DSG-Net [66],
and PASTA [53] are notable examples that generate vary-
ing numbers of part bounding boxes without the need for
hand-crafted datasets. However, these methods do not allow
for adjusting the granularity of the part-level representations.
To the best of our knowledge, we are the first to propose a
generative model for 3D part bounding boxes that allows for
controlling the granularity.

Structure-Conditioned Shape Generative Models Struc-
tural 3D shape abstraction has been used as user-controllable
guidance in 3D object generation. For instance, Neural Tem-
plate [19] utilizes part-wise latent codes as conditions for
3D shape generation. SALAD [23] is a conditional diffusion
model that takes a set of Gaussian blobs representing parts
as input conditions. Note that the aforementioned methods
do not allow for changes in the granularity of the abstract
representation, unlike our approach. Spice-E [50] is the
most recent generative model similar to ours, using a set of
bounding boxes as a condition. It employs Shape-E [20]
as a base unconditional 3D diffusion model and leverages
the ControlNet [35] approach to transform it into a condi-
tional model that incorporates bounding boxes. Similar to
Spice-E, we propose a bounding-box-to-shape generative
model but build it on a more advanced 3D diffusion model,
3DShape2VecSet [68]. While Spice-E represents bound-
ing boxes as multi-view images and encodes them using
Shape-E’s pretrained encoder, we propose a simpler yet ef-
fective approach: introducing an encoder layer that directly
maps input bounding boxes to the latent representation of
3DShape2VecSet, training it jointly with the ControlNet
branch. Our experiments demonstrate that this novel box-to-
shape generative model produces higher-quality 3D shapes
than Spice-E, benefiting from the superior generative capa-
bilities of 3DShape2VecSet.

3. BOXSPLITGEN: Box-Splitting Generative
Model

3.1. Problem Definition and Overview
Our objective is to learn a generative model for sets of 3D
bounding boxes as shape abstractions, which capture both a
diverse collection of shapes and varying levels of granularity
for each shape. To achieve this, we represent an arbitrary
3D shape using hierarchical shape abstractions [42] struc-
tured as a binary tree, as illustrated in Figure 2. The root
node of the binary tree is a single unit cube that completely
encloses any arbitrary shape. As we traverse deeper into the
tree, each internal node splits into two child nodes through
splitting operation. This operation refines the abstraction
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Figure 2. Overview of our hierarchical bounding box splitting framework. On the left is a binary tree for 3D shape abstraction, where
red-highlighted nodes bv are split into finer child nodes, with blue and green backgrounds showing split steps at s and s+1. On the right, the
framework performs pivot classification, samples two red-highlighted child boxes, and generates 3D shapes using our BOX2SHAPE model.

by subdividing a chosen box, called the pivot bv, into two
child boxes denoted by C(bv). Formally, at a given split
step s in the tree structure, we have a set of 3D bounding
boxes Bs = {bi}Ni=1. Each split step can be expressed as
Bs+1 := Bs \ {bv} ∪ C(bv), where the coarser pivot box is
replaced with two newly generated child boxes with finer
details (See Figure 2). This split process provides progres-
sively more detailed approximations of the input shape. At
the finest level of detail, a collection of the leaf nodes in
the tree represents the most detailed shape abstraction. This
hierarchical representation thus can provide diverse shape
abstractions at any level of granularity, from a single coarse
cube at the root to a detailed collection of boxes at the leaves.

Given this tree structure, we design the generative pro-
cess of the bounding box sets Bs at each split step s as a
Markov process with conditional probability distributions
p(Bs+1|Bs), which models the splitting operation. The con-
ditional probability distribution p(Bs+1|Bs) is further de-
composed into two distributions: 1) the distribution of the
pivot box, and 2) the distribution of the two child boxes from
the selected pivot box:

p(Bs+1|Bs) = p(bv|Bs)p(C(bv)|bv,Bs), (1)

where bv ∈ Bs is one of the bounding boxes in Bs se-
lected as the pivot. In our method, named BOXSPLIT-
GEN, we learn the probability distribution of the pivot
bounding box p(bv|Bs) using a classification network, while
learning the probability distribution of the two child boxes
p(C(bv)|bv,Bs) using a diffusion model.

Note that while our generative process is autoregressive,
it cannot be modeled using typical sequence generation mod-
els, such as GPT-based architectures (as utilized in recent
mesh generation works [40, 51, 56]), for the following rea-
sons. First, the generation of the next token (bounding box)

is conditioned on the selection of a pivot box, which neces-
sitates the use of a pivot classifier. Second, the pivot box is
removed in the subsequent step, resulting in a binary tree at
intermediate granularity that is not a subtree of the binary
tree at the finest granularity. As a result, binary trees at
arbitrary granularity cannot be generated simply by sequen-
tializing the finest granularity binary tree and feeding it into
GPT.

Below, we first describe the data preparation process for
training (Section 3.2). Next, we explain how the two models
in our framework, pivot classifier and child-boxes diffusion
model, are implemented (Sections 3.3 and 3.4).

3.2. Data Preparation

Our training data consists of hierarchical shape abstractions
generated using SMART [42]. Given an initial set of over-
segmented bounding boxes BS = {bi}Ni=1, SMART iter-
atively performs bottom-up merging. In each iteration, it
selects two boxes and merges them into a single parent box
that tightly encloses the combined region. This parent box
serves as a pivot bv in our hierarchy, with the two merged
boxes becoming its children C(bv). SMART continues the
merging process until reaching to an appropriate number of
bounding boxes that best describe the given shape. These
boxes are used as the leaf nodes in our binary tree; refer to
Table S2 for the statistics on the number of leaf node boxes.
Based on the leaf node boxes (SMART outputs), we further
proceed with an iterative merging process until only a single
box remains, building the binary tree up to the root. We
set the root box to always be a unit cube; all raw shapes
are normalized to fit within the unit cube. Each 3D bound-
ing box bi = {ci, si, oi} ∈ R15 is parameterized by center
ci ∈ R3, side lengths si ∈ R3, and a flatten orientation
matrix oi ∈ R9.



3.3. Pivot Classifier
The first component of BOXSPLITGEN is the pivot classi-
fier, which models the categorical distribution of the pivot
bounding box given set of the bounding boxes (p(bv|Bs) in
Equation 1). We adopt a Transformer-based architecture [47]
to handle variable-sized input sets, where each box is en-
coded as a token in the latent space and processed through
self-attention layers [60].

3.4. Child-Boxes Diffusion
The second component of BOXSPLITGEN is the child-boxes
diffusion model, a conditional diffusion model that learns
the distribution of the two child bounding boxes C(bv) given
the input bounding boxes Bs and the selected pivot bv
(p(C(bv)|bv,Bs) in Equation 1). The noise prediction net-
work ϵθ of the diffusion model is trained with the condition-
output pairs extracted from consecutive box sets Bs and
Bs+1 in the training dataset:

x0 = C(bv) ∈ R2×15 (2)
L = E∥ϵθ(xt, t; bv,Bs)− ϵ∥, ϵ ∼ N (0, I), (3)

where xt is obtained through the forward process of diffu-
sion models: xt =

√
ᾱtx0 +

√
1− ᾱtϵ. The network of

ϵθ consists of a Transformer encoder Eθ taking the input
condition Bs and bv , and a decoder Dθ predicting the output
noise. In the encoder Eθ, the input bounding boxes Bs are
augmented with an indicator bit marking the pivot box bv,
and then processed through self-attention layers to produce
a latent vector h = E(Bs, bv, |Bs|) ∈ R|Bs|×D; the number
of input boxes |Bs| is also fed as an additional input. The
decoder Dθ then predicts the injected noise for the two noisy
boxes xt ∈ R2×15 through the cross-attention between xt

and h. See Figure 3 (a) for details of the architecture. More
implementation details are provided in Supplementary S.7.

3.5. Alternative: Inpainting with Unconditional
Model

The conditional generation task performed by our Child-
Boxes Diffusion can also be seen as a completion task, where
missing parts are generated while keeping the given parts
fixed. Previous work [34] has demonstrated that the com-
pletion task (inpainting for images) can also be achieved
using an unconditional diffusion model by combining one-
step denoising outputs for the missing parts with forward
process outputs for the given parts at each denoising step.
We also explore this option by training another diffusion
model that uses only the number of bounding boxes as its
only condition. The details of this alternative approach are
discussed in Section 5.1, where we evaluate it as one of
the baselines. While this approach shows comparable per-
formance, it yields slightly inferior results compared to the
conditional model.

4. BOX2SHAPE: Box-to-Shape Generative
Model

Next, we propose a bounding-box-conditioned 3D shape
generative model named BOX2SHAPE. In contrast to the
aforementioned bounding box generative model trained
from scratch, here we aim to fully leverage the 3D shape
priors learned by the state-of-the-art 3D diffusion model,
3DShape2VecSet [68]. By finetuning this model, we ensure
high fidelity in the generated shapes while effectively incor-
porating bounding box conditioning across varying levels of
granularity.

A crucial requirement for finetuning pretrained networks
to incorporate additional input conditions is smooth adapta-
tion to conditional generation: the network should initially
retain its original generation quality while gradually adapting
to the specified condition. Two representative approaches
for achieving this are the Gated Mechanism [1, 25, 31, 50]
and ControlNet [8, 35].

The Gated Mechanism introduces trainable layers gated
by a gate parameter initialized to zero, ensuring unchanged
output at the start of finetuning. However, it updates rela-
tively few parameters, leading to slower convergence. In
contrast, ControlNet duplicates existing layers, prepends a
1× 1 zero-convolution layer with weights and biases initial-
ized to zero, and merges outputs via residual connections.
This approach updates more parameters, enabling faster and
more effective convergence compared to the Gated Mecha-
nism. See Section 5.2 for a detailed comparison of these two
approaches. A notable example of adapting ControlNet to
a 3D generative model is Spice-E [50], which uses Shape-
E [20] as its backbone diffusion model whose generation
quality is inferior to 3DShape2VecSet [68].

Adapting ControlNet [8, 35] to our setup presents a chal-
lenge due to a mismatch in data representation between
the input and the condition, as ControlNet requires these
to be aligned. In our case, the backbone diffusion model,
3DShape2VecSet [68], represents 3D shapes as unordered
latent sets z ∈ RM×D, while the input condition is a set of
bounding boxes. Spice-E [50] addresses this issue by rep-
resenting input bounding boxes in the same format as their
3D shapes—multi-view images in their case—and encod-
ing them using a pretrained encoder. For 3DShape2VecSet,
we find that a simpler approach performs effectively: in-
corporating a trainable encoding layer, F(·), which directly
processes the input bounding boxes and outputs latent sets
without relying on a pretrained encoder. This module is
trained jointly with the ControlNet branch. The architec-
ture is illustrated in Figure 3 (b). Our experiments detailed
in Section 5 demonstrate that our box-to-shape generative
model based on 3DShape2VecSet outperforms Spice-E [50]
due to its strong priors for generating high-fidelity shapes.
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Figure 3. Diagram of network architectures. (a) Child-Boxes Diffusion. (b) BOX2SHAPE. Starting from a unit cube, we iteratively split
boxes using Child-Boxes Diffusion to obtain the box condition with desired granularity, which then guides BOX2SHAPE to generate aligned
3D shapes.

5. Experiment Results
We evaluate both components of our framework—the box-
splitting model and the box-conditioned shape generation
model—through qualitative and quantitative results using the
ShapeNet [7] dataset. Please see Supplementary S.2 and the
supplementary video for our user-interactive shape genera-
tion demo and shape editing results. Additional experiment
details are provided in Supplementary S.4 and S.5.

5.1. Box-Splitting Generation
Baselines. As discussed in Section 3.1, our sequential gen-
erative process exhibits a unique characteristic. As outlined
in Equation 1, each step can be decomposed into (1) se-
lecting and removing one existing element (p(bv|Bs)) and
(2) producing two new elements at a time (p(C(bv)|bv,Bs)).
Given the novelty of this problem, we extensively explore
potential generative approaches. Specifically, we use the
same pivot classifier to model p(bv|Bs), while exploring dif-
ferent methods for modeling p(C(bv)|bv,Bs). This includes
our Child-Boxes Diffusion, a conditional diffusion model,
as well as two baselines:
• Conditional Token Prediction Model: We propose an ap-

proach based on sequence generation models that emulates
the splitting process, departing from the typical sequential
prediction of a single token at a time. The architecture is
similar to the conditional diffusion model, taking Bs and
bv as conditions to generate two child boxes C(bv)). How-
ever, the input and output representations are replaced with
discretized representations, as is typical in GPT-like mod-
els. To enable the network to model a categorical distribu-
tion over tokens, we first train a VQ-VAE [59] to encode
continuous 15-dimensional box features into a discrete
token space with a vocabulary size of |V | = 16K. Un-
like the conditional diffusion model, which predicts noise
ϵ ∈ R2×15, this model outputs logits for two elements

{l1, l2} ∈ R2×|V |. The tokens sampled from the predicted
categorical distributions are then decoded into the original
continuous box parameters using the pre-trained VQ-VAE.

• Unconditional Diffusion Model with Inpainting: This
model is trained to generate a varying number of com-
plete bounding boxes without the pivot box as a condition
but only the box count. During inference, we perform
an inpainting technique. Specifically, given the set of in-
put bounding boxes Bs and the pivot box bv ∈ Bs, we
first duplicate bv, increasing the total number of boxes
to |Bs| + 1, and then perform the DDIM inversion [13],
obtaining the standard normal sample xT from the input
boxes. Next, we reset the portion of xT corresponding to
the duplicates of bv to random standard normal samples.
Then, we perform RePaint [34] while treating Bs \ {bv}
as the background to guide the inpainting process. Unlike
our conditional diffusion model, which explicitly uses the
pivot box as a condition, the limitation of this approach is
that it cannot leverage information about the pivot box, as
it performs inpainting after the pivot box is removed.

For further details on the baselines, please refer to Supple-
mentary S.6.

Quantitative Evaluation. To quantitatively evaluate the
quality and diversity of the generated bounding boxes, we
measure Coverage (COV), Minimum Matching Distance
(MMD), and 1-Nearest Neighbor Accuracy (1-NNA) be-
tween the set of generated bounding boxes and the reference
bounding box set. We use the training bounding box set
as the reference set and generate 2,000 bounding boxes for
each class by iteratively splitting them. We then compare
the resulting boxes at various split levels to the reference set.

For a comprehensive analysis, we evaluate the metrics
separately at two split steps, s = 5 (coarser) and s = 8
(finer), and then take their average, since these steps fall



Table 1. Quantitative comparison of shape abstraction generation with different pivot selection strategies. MMD-CD scores and
MMD-EMD scores are scaled by 103 and 102, respectively. The best results are highlighted in bold. The numbers are the averages across
split levels s = 5 and s = 8.

COV ↑ MMD ↓ 1-NNA ↓ COV ↑ MMD ↓ 1-NNA ↓Pivot
Selection Models

CD EMD CD EMD CD EMD CD EMD CD EMD CD EMD

Chair Airplane

Random
Token Pred. Model 22.05 25.76 27.960 21.335 94.13 93.02 55.25 58.80 10.645 15.680 90.27 90.08
Uncond. Diffusion 29.70 30.97 18.784 18.128 88.68 87.93 63.82 68.21 7.207 12.953 88.50 87.90
Cond. Diffusion 32.84 33.97 16.896 16.910 85.28 83.43 77.75 77.38 6.842 12.599 86.35 85.64

Classifier
Token Pred. Model 27.41 30.87 24.615 20.235 91.39 90.19 66.87 70.41 8.185 13.870 87.16 86.49
Uncond. Diffusion 33.03 35.68 18.174 17.598 88.53 85.77 71.76 77.75 6.811 12.505 86.15 85.55
Cond. Diffusion 46.08 47.08 14.166 15.580 75.87 73.33 82.89 80.56 6.478 12.188 85.62 84.81

Table Rifle

Random
Token Pred. Model 18.77 17.24 32.175 22.580 90.77 92.59 57.42 58.67 3.400 9.475 87.18 86.72
Uncond. Diffusion 25.05 25.89 21.840 18.784 83.79 84.94 66.46 70.48 3.015 8.813 84.88 84.86
Cond. Diffusion 30.17 30.58 14.229 15.132 78.22 79.22 64.95 68.97 2.716 8.285 87.28 85.65

Classifier
Token Pred. Model 25.45 24.47 25.895 19.680 87.47 88.72 68.72 71.86 3.495 9.230 84.28 82.67
Uncond. Diffusion 30.36 31.68 17.726 17.104 81.96 82.26 75.38 79.02 3.110 8.717 79.17 79.96
Cond. Diffusion 36.79 37.96 12.314 14.218 71.38 72.82 74.75 75.25 2.607 8.076 82.86 81.96

Table 2. Quantitative comparison of box-conditioned shape generation. MMD-CD scores and MMD-EMD scores are scaled by 103 and
102, respectively. The best results are highlighted in bold.

Models
COV ↑ MMD ↓ 1-NNA ↓ Box Alignment

CD EMD CD EMD CD EMD Box-CD ↓ Box-EMD ↓ TOV ↓ VIoU ↑

Spice-E [50] 38.33 40.93 14.762 15.308 87.09 85.98 0.043 0.255 2.44 0.27
Gated 3DS2V [68] 54.55 57.42 13.067 14.991 78.93 77.14 0.012 0.143 1.39 0.17
Box2Shape (Ours) 51.06 50.99 10.369 12.324 72.75 72.16 0.006 0.098 1.08 0.31

within the average bounding box count. More detailed results
for each split step and evaluation setups can be found in
Supplementary S.4.

Table 1 shows the effectiveness of both our pivot classifier
and our Child-Boxes Diffusion. Compared to random pivot
selection, our pivot classifier improves overall box-splitting
performance, enhancing both the quality and diversity of
the produced abstractions. Under the same pivot selection
strategy, BOXSPLITGEN consistently outperforms them in
most metrics, demonstrating its robustness in modeling con-
ditional distribution p(C(bv)|Bs, bv).

Qualitative Comparison. Figure 4 presents a qualitative
comparison across different classes. Refer to Supplemen-
tary S.12 for more qualitative results. As illustrated, our con-
ditional diffusion model produces diverse bounding boxes
that capture fine details of the 3D structure across various
classes. On the other hand, the conditional token prediction
model often struggles to produce plausible shape abstrac-
tions, highlighting the difficulty of modeling the splitting
process using sequential token prediction models. Similarly,
the inpainting approach with unconditional diffusion models
often generates boxes that miss parts of the shape. It demon-
strates that enforcing the other remaining boxes to remain
fixed during the denoising process can easily cause devia-

tions from the learned data manifold of diffusion models.

5.2. Box-Conditioned Shape Generation
Baselines. We compare our method with two baselines:
• Spice-E [50]: A recent box-conditioned shape generative

model. We finetune a pre-trained model on our dataset to
process bounding boxes at varying granularity.

• Gated 3DShape2VecSet [68]: A variant of our model
finetuned with the Gated Mechanism [1, 25, 31] instead of
ControlNet. Cross-attention layers gated by box features
are injected into each Transformer block, while the rest of
othe model is frozen.

Quantitative Evaluation. For quantitative evaluation, we
use the same metrics as in the box-splitting stage—COV,
MMD, and 1-NNA—to assess the fidelity and the diversity
of generated meshes, but using 3D shapes as the reference
set. Additionally, following SMART [42], we evaluate the
alignment between the input shape abstraction and its gen-
erated 3D shape using the following metrics: Total Outside
Volume (TOV), Volumetric Intersection over Union (VIoU),
Box-CD and Box-EMD. TOV and VIoU measure box align-
ment based on mesh volumes, while Box-CD and Box-EMD
assess geometric alignment using CD and EMD. See Sup-
plementary S.5 for more details on the evaluation metrics
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Input
Boxes

Spice-E
[50]

Gated
3DS2V [68] Ours Input

Boxes
Spice-E

[50]
Gated

3DS2V [68] Ours Input
Boxes

Spice-E
[50]

Gated
3DS2V [68] Ours

Figure 5. Gallery of our generated bounding boxes and their final generated 3D shapes by box-conditioned shape generation models.
Each pair of columns shows the input bounding boxes (left) and their corresponding generated 3D shapes (right).

and setups.
Table 2 presents a quantitative comparison between our

method and the baselines. Our method BOX2SHAPE outper-
forms others in shape fidelity and diversity metrics—COV,
MMD, and 1-NNA—with a significant advantage in 1-NNA.
While Gated 3DShape2VecSet achieves higher COV, this is
due to its lack of adaptation to box-conditioned generation,
often producing shapes deviated from the input boxes. This
limitation is further reflected in its lacking box alignment
performance across all box alignment metrics: Box-CD,
Box-EMD, TOV, VIoU. Spice-E [50] demonstrates subop-
timal performance compared to BOX2SHAPE, largely due
to its backbone model’s limited shape prior. These results
demonstrate that our conditioning approach achieves supe-
rior box alignment while preserving the original model’s
superior performance to generate high-fidelity and diverse
shapes.

Qualitative Results. Figure 5 presents a qualitative com-
parison, where each pair of columns shows the input bound-
ing boxes and their generated 3D shapes by different ap-
proaches. Refer to Supplementary S.13 for more results.
Given an input set of bounding boxes, ours produces a plausi-
ble 3D shape while being well-aligned with the input boxes.
In contrast, Spice-E [50] often fails to capture fine-grained
details in the 3D shapes due to its backbone’s suboptimal per-

formance. Compared to Gated 3DShape2VecSet, which is
based on the Gated Mechanism, it often struggles to produce
box-aligned 3D shapes, highlighting the limitations of the
Gated Mechanism in modeling the conditional probability
distribution with our diverse conditioning bounding boxes.

6. Conclusion
We presented a box-splitting-based interactive 3D shape gen-
eration framework composed of two generative models. The
first model, BOXSPLITGEN, is an autoregressive model that
enables the progressive refinement of bounding boxes via
splitting. We introduce a pivot classifier and a child-box
diffusion model to select which box to split and to generate
the two new boxes, respectively. The second model is a
box-to-shape generative model that effectively adapts a pre-
trained unconditional 3D diffusion model. We demonstrate
that the proposed framework facilitates intuitive 3D gener-
ation by mimicking the human imagination process from
abstract concepts to detailed structures. Users can split and
manipulate bounding boxes to generate aligned 3D shapes,
with diversity naturally decreasing as the bounding boxes
become fine-grained.

As future work, we plan to improve our user-interactive
3D shape generation framework to incorporate additional
spatial guidance, including other primitives [17, 23, 57] and
3D sketches [69].
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