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Part-Aware Text-to-3D
Prompt: A sleek
white fighter jet
with aerodynamic

contours, and
multiple mounted
missiles under

each wing.

Articulated Object Generation

3D Part Editing

Mini-Scene Generation

Prompt: A dining
setup with two

chairs facing each
other across a

table, topped with
two plates and
four bottles

Fig. 1: DreamPartGen connects part-level geometry and appearance with language-
driven relational semantics, providing precise control over how parts are modified,
arranged, and contextualized. This unified representation enables a wide range of text-
to-3D applications, including fine-grained part editing, articulated object generation,
and mini-scene synthesis.

Abstract. Understanding and generating 3D objects as compositions
of meaningful parts is fundamental to human perception and reasoning.
However, most text-to-3D methods overlook the semantic and functional
structure of parts. While recent part-aware approaches introduce de-
composition, they remain largely geometry-focused, lacking semantic
grounding and failing to model how parts align with textual descriptions
or their inter-part relations. We propose DreamPartGen, a framework
for semantically grounded, part-aware text-to-3D generation. Dream-
PartGen introduces Duplex Part Latents (DPLs) that jointly model
each part’s geometry and appearance, and Relational Semantic Latents
(RSLs) that capture inter-part dependencies derived from language. A
synchronized co-denoising process enforces mutual geometric and seman-
tic consistency, enabling coherent, interpretable, and text-aligned 3D
synthesis. Across multiple benchmarks, DreamPartGen delivers state-of-
the-art performance in geometric fidelity (→60% Chamfer Distance) and
text–shape alignment (↑↓20% CLIP/ULIP), while producing composi-
tionally consistent and controllable parts.
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1 Introduction

Many text prompts for 3D generation specify not only what parts an object has,
but how they relate (e.g ., a handle attached to a mug, wheels symmetric on a
chassis, a lid on top of a box). Capturing these part-level relations is crucial
for controllable generation and downstream use cases such as part editing and
articulated synthesis [19,32,53]. However, most text-to-3D methods operate on
monolithic latents that entangle geometry, appearance, and semantics, with no
explicit representation of part identities or inter-part relations [6,23,24,28,35,40,
45]. Recent part-aware methods take a step forward by synthesizing objects from
part primitives guided by part segmentations or bounding boxes [4, 12, 18,26,49].
Although these approaches improve geometric granularity, they are still brittle
to segmentation noise and can be di!cult to scale across diverse categories and
prompts. More importantly, many part-based frameworks still treat parts as
geometrically isolated units. They do not model inter-part relations as explicit
variables, and language remains largely non-operational. As a result, part-aware
generation is not yet language-grounded assembly.

We argue that true part-aware text-to-3D generation requires a di"erent ab-
straction: a semantically grounded representation in which parts are meaningful
entities, and language provides relational structure in addition to describing
appearance. Concretely, we introduce DreamPartGen, a language-grounded,
collaborative part-latent di"usion framework that treats compositional semantics
as an explicit representation during denoising. Each object is encoded into Du-

plex Part Latents (DPLs), paired 3D and 2D latent sequences that jointly
capture a part’s geometry and appearance, whereas a learnable identifier em-
bedding preserves slot identity across timesteps and instances, keeping parts
trackable throughout di"usion. In parallel, we introduce Relational Semantic

Latents (RSLs), compact text-derived latents that encode part-level attributes
and inter-part relations. Rather than using language only as one-shot condi-
tioning, DreamPartGen performs synchronized co-denoising: DPLs and RSLs
co-evolve through part-level and object-level synchronization so that geometry
and appearance are refined under persistent, language-derived relational guidance,
enforcing mutual geometric–semantic consistency.

To enable supervision at scale, we curate PartRel3D, a large-scale relational
dataset that augments each object with canonicalized functional and spatial
triplets linking parts through explicit semantic predicates. These canonicalized
relations are encoded into RSLs, allowing the model to learn assembly-level con-
sistency directly from language. Trained on PartRel3D, DreamPartGen surpasses
prior text-to-3D and part-aware baselines, achieving substantial improvements in
geometric fidelity (→60% CD, →41% EMD) and text–shape alignment (↑ ↓20%
CLIP/ULIP). We also evaluate generalization to rare parts and held-out rela-
tion predicates, improving over prior part-based baselines ( 14.7–16.3% → r-FID,
68.2–71.2% → CD, 39.6–47.9% ↓ ULIP-T ). In summary, our contributions are:
• We introduce DreamPartGen, a language-grounded collaborative di"usion

framework that unifies geometric, visual, and relational reasoning for coherent
and interpretable part-level text-to-3D synthesis.



DreamPartGen 3

• We propose DPLs and RSLs as complementary representations that jointly
encode part geometry, appearance, and inter-part relations and are refined
together via synchronized co-denoising.

• We curate PartRel3D, a large-scale relational dataset with 300K canonicalized
functional and spatial triplets for explicit language-based supervision of inter-
part relations across 175 object categories.

• DreamPartGen achieves state-of-the-art performance across four benchmarks,
improving geometric fidelity by →60% CD / →41% EMD and text–shape align-
ment by ↑ ↓20% CLIP/ULIP, and showing the same representation supports
relational part editing, articulated generation, and mini-scene synthesis.

2 Related Work

Text-to-3D Generation. Early text-to-3D approaches such as DreamFusion [35],
ProlificDreamer [45], and LucidDreamer [23] leverage the idea of score distillation
sampling (SDS) to generate 3D assets from 2D di"usion priors. While e"ective
for producing single objects, SDS approaches often su"er from low fidelity and
poor multi-view consistency [6,14,21,24,37,40]. Recent works improve training
stability and geometric realism by incorporating di"erentiable rendering with
explicit 3D representations, including Gaussian splatting in DreamGaussian [42]
and GaussianDreamer [51], voxel- or mesh-based parameterizations in Clay [55],
and hybrid autoregressive architectures such as Trellis [31,46,52]. These advances
establish strong foundations for high-quality 3D generation, but typically focus on
whole objects, without modeling explicit part structure or relational semantics.

Part-level 3D Generation. To address the limitations of object generation, sev-
eral methods introduce part-aware modeling [5,10,13,20,25,49,50]. Part123 [26]
and Salad [18] focus on part segmentation and assembly, while PartGen [4] lever-
ages part decomposition for generative modeling. CoPart [11] extends di"usion
models with dual priors over part-level 2D and 3D latents, enabling cross-modality
and cross-part mutual guidance. Additionally, works such as PartGS [12] and
Part2GS [53] adapt Gaussian splatting for articulated part-aware generation,
demonstrating that part supervision yields controllable and physically plausible
synthesis [29,30,39]. Despite these advances, prior part-aware generation methods
rely heavily on geometric signals such as bounding boxes [56], leaving language
guidance underexplored, whereas a related line of work uses vision–language
models for part-level perception rather than generation [16,22,27,34,44]. Dream-
PartGen introduces explicit relational semantic signals that persist throughout
denoising, providing both fine-grained part refinement and relation-aware global
planning cues directly from natural language.

3 DreamPartGen Method

While recent part-level formulations improve local shape and texture model-
ing [4, 7, 48], they primarily focus on representation quality and do not explicitly
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Fig. 2: DreamPartGen Overview. DreamPartGen performs text-guided 3D genera-
tion by jointly denoising geometry, appearance, and relational semantics. Each object is
decomposed into parts represented as Duplex Part Latents (DPLs) from 3D and 2D
encoders, while Relational Semantic Latents (RSLs) encode text-derived details
and global structure. Through intra-part (geometry–appearance alignment) and inter-
part (relational planning via language) synchronization, DreamPartGen co-denoises
DPLs and RSLs to generate coherent, semantically grounded, part-aware 3D objects.

preserve text-derived semantics throughout denoising, which limits their text-
to-3D capability and fine-grained controllability. Our key novelty is to intro-
duce persistent, language-derived relational semantic latents that remain active
throughout the denoising process, rather than using text only as a one-shot
condition, and to synchronize them with part-level geometric latents. To this end,
we formulate part-based 3D generation as a semantically grounded collaborative
di"usion process between two complementary latent representations: ✁ Duplex

Part Latents (DPLs) (Sec. 3.1), which encode geometry and appearance of
individual parts in a modular and disentangled manner, and ✂ Relational Se-

mantic Latents (RSLs) (Sec. 3.2), a compact set of text-derived latent tokens
that provide both local refinements and global planning signals. During denoising,
DPLs and RSLs are synchronized through intra-part and inter-part attention
(Sec. 3.3), enabling consistent part-level geometry-appearance alignment and
language-guided part assembly. Figure 2 presents an overview of the method.

3.1 Duplex Part Latents (DPLs)

The design of Duplex Part Latents (DPLs) is motivated by recent advances in
structured latent representations for 3D generation, which demonstrate that
compact latent sets can e"ectively encode both geometry and appearance [41,
46, 50]. However, existing unified latents primarily operate on voxel-aligned local
features capturing shape and texture, but remain tied to spatial grids rather
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than semantic components. As a result, they lack modularity across objects and
do not support explicit part-level disentanglement or relational reasoning. To
address these limitations, we represent each object as a collection of N semantic
parts O={pi}Ni=1, and encode each part using three complementary elements:
• 3D tokens: For each part mesh pi, we sample surface points with associated

normals and pass them through a 3D VAE encoder [17,54], producing a latent
sequence L3D

i ↔ RT3D→d, where T3D denotes the number of 3D latent tokens and
d their embedding dimension, capturing local geometry and spatial structure.

• 2D tokens: Each part is also rendered from multiple viewpoints, and the
resulting images are passed through a pretrained image VAE [3], yielding
L2D
i ↔ RT2D→d, which encodes color, texture, and shading cues.

• Part-identity: To stabilize part tracking across denoising steps, we assign
a learnable identifier embedding ei ↔ Rd to each part. These identifiers act
as persistent slot identities, binding each latent to its corresponding part and
preventing slot swapping across denoising, while relational reasoning layers
flexibly reorganize cross-part interactions.

Compared to prior structured latent designs [25, 46], Duplex Part Latents
(DPLs) are designed to preserve semantic independence while enabling language-
conditioned relational reasoning. This yields several key benefits. First, the
architecture is permutation-robust to the input ordering of parts, as the learnable
part-identity embeddings prevent semantics from depending on the input part
order. Second, the identifiers provide slot persistence across denoising timesteps,
improving stability of intra-part and inter-part synchronization. Third, because
each part is represented as its own modular latent triplet (L3D

i , L2D
i , ei), DPLs

naturally support cross-object generalization, enabling latent transfer between
objects with shared functional components. Finally, DPLs are lightweight and
modular, making them directly suitable for integration with the di"usion process,
facilitating coherent multi-part synthesis and reasoning.

3.2 Relational Semantic Latents (RSLs)

While DPLs provide modular and disentangled representations for individual
parts, they do not by themselves guarantee that the assembled object is globally
coherent. This reflects a broader challenge in part-based 3D generation: local
geometry and appearance can be faithfully synthesized, yet without explicit
semantic coordination, the resulting object structure may violate plausible spatial
or functional relations [6, 24, 45]. To address this gap, we introduce Relational
Semantic Latents (RSLs), a compact set of language-derived latent tokens that
provide semantic control signals for part interactions through two roles: persistent
global planners and di"used local refiners. In particular, global relational tokens
Sglb persist as fixed structural conditions, while local semantic tokens Sloc are
di"used and denoised alongside the part latents to refine part-level details.

Global Relational Tokens. At the object level, we extract relational phrases
from whole-object and part-level descriptions (e.g ., “the seat is above the legs,”
“the propeller is attached to the fuselage,” “the two wings are symmetric”, etc.).
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Each phrase is canonicalized into a triplet (i, j, ω), where i and j denote parts and
ω is a relation predicate such as support, attach, symmetry, or articulation.
These triplets are assembled into a relational graph and projected into the latent
space (see Fig. 3) to yield a set of global relational tokens:

Sglb = {sglbij,ω}(i,j,ω)↑R, sglbij,ω ↔ Rd
. (1)

In this way, Sglb constitutes a relational graph latent, where each token encodes
how two parts are semantically related. These tokens persist throughout the di"u-
sion process and are injected into object-level synchronization, functioning both
as semantic planners that specify inter-part relations and as structural conditions
that enforce coherent assembly. Unlike prior geometry-based approaches, they
are derived from natural language, embedding functional and structural priors
without explicit geometric supervision.

Local Semantic Tokens. At the part level, we encode fine-grained semantic cues
(e.g ., “metallic blade,” “wooden handle”, etc.) to refine material and appearance.
Each phrase is encoded and projected into the latent space to yield Km local
semantic tokens:

Sloc = {sloc
m }Km

m=1, sloc
m ↔ Rd

, (2)

which directly interact with the structural DPL tokens to enhance geometric
fidelity and appearance under semantic constraints. Compared to geometry-only
latents, RSLs are compact, interpretable, and flexible: their number adapts to
object complexity, and additional tokens can be easily obtained by generating
short textual descriptions for new parts or relations. Unlike one-shot text condi-
tioning [24,35], we inject these tokens at every denoising step, enabling iterative
semantic refinement. During di"usion, we apply the standard forward noising
process to obtain Sloc,t from the clean tokens Sloc. The noised local semantic
tokens Sloc,t are injected at each step t to synchronize with the noised part latents
and refine part-specific appearance.

3.3 Semantically-Grounded Part Generation

We first instantiate DPLs by encoding each part mesh pi into geometry and
appearance token sequences (L3D

i ,L2D
i ) using the 3D VAE encoder and the pre-

trained image VAE encoder introduced in Section 3.1, and tag each part with
a learnable identifier ei. We instantiate RSLs by encoding extracted relation-
al/attribute phrases with a frozen text encoder Etext [43] followed by a learned
projection εtext, yielding (Sglb

,Sloc). To enable coherent generation, DPLs and
RSLs interact throughout denoising via a two-level synchronization mechanism.
Specifically, we perform di"usion over the noised part latents {L3D,t

i ,L2D,t
i }Ni=1

and the noised local semantic tokens Sloc,t, while keeping the global relational
tokens Sglb persistent as fixed structural conditions. At each step t, we first apply
intra-part synchronization to align geometry and appearance within each part
under local semantic guidance, and then apply inter-part synchronization to
propagate context across parts and enforce global relational constraints.
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Intra-Part Synchronization. At di"usion step t, each part pi is represented by
a noised geometry latent sequence L3D,t

i and a noised appearance latent sequence
L2D,t
i . We first synchronize these two streams to maintain intra-part geometry-

appearance consistency, and then inject noised local semantic tokens Sloc,t to refine
part-specific geometric and visual details according to semantic cues. Formally,

L3D,t
i ↗ L3D,t

i + ϑ3D ·Attn(L3D,t
i ,L2D,t

i ),

L2D,t
i ↗ L2D,t

i + ϑ2D ·Attn(L2D,t
i ,L3D,t

i ),

L3D,t
i ↗ L3D,t

i + ϖ3D ·Attn(L3D,t
i ,Sloc,t),

L2D,t
i ↗ L2D,t

i + ϖ2D ·Attn(L2D,t
i ,Sloc,t),

(3)

where ϑ3D,ϑ2D,ϖ3D,ϖ2D are learnable fusion coe!cients.

Inter-Part Synchronization. After intra-part alignment, we propagate context
across parts to encourage globally consistent assembly. This is done in two
complementary ways: (i) direct message passing among all part latents to share
global context, and (ii) relational guidance from persistent global tokens Sglb that
encode inter-part predicates (e.g ., support, attach, symmetry, articulation).
Finally, we update Sglb via bottom-up grounding from the current part latents,
refining the relational plan based on synthesized geometric and appearance
evidence. Concretely,

L3D,t
i ↗ L3D,t

i +Attn
(
L3D,t
i , {L3D,t

j }Nj=1

)
,

L2D,t
i ↗ L2D,t

i +Attn
(
L2D,t
i , {L2D,t

j }Nj=1

)
,

L3D,t
i ↗ L3D,t

i + ϱ3D ·Attn(L3D,t
i ,Sglb),

L2D,t
i ↗ L2D,t

i + ϱ2D ·Attn(L2D,t
i ,Sglb),

Sglb ↗ Sglb + ς ·Attn
(
Sglb

, {Pool(L3D,t
i ,L2D,t

i )}Ni=1

)
.

(4)

where Pool(·) aggregates each part’s latent sequences into a compact summary
for bottom-up grounding. Note that Sglb is not a di"usion variable, but rather
is updated deterministically as a planner state that remains available as a fixed
relational condition at every timestep.

Optimization. Training proceeds in two phases. In the first phase, we optimize
di"usion objectives for both 3D and 2D DPLs under semantic conditioning from
RSLs. For timesteps t↘U{1, . . . , T} and noise φ↘N (0, I), the per-part di"usion
losses are:

L3D
di! =

1

N

N∑

i=1

Et,ε

[∥∥∥φ≃N3D
(
L3D,t
i ,L2D,t

i ,Sglb
,Sloc,t

, t
)∥∥∥

2

2

]
,

L2D
di! =

1

N

N∑

i=1

Et,ε

[∥∥∥φ≃N2D
(
L2D,t
i ,L3D,t

i ,Sglb
,Sloc,t

, t
)∥∥∥

2

2

]
.

(5)

In the second phase, we fine-tune the model jointly across the 3D and 2D part
denoisers and synchronization modules, using an SNR-based weighting scheme.
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The overall objective is

L = Et

[
wsyn(t)

(
L3D

di! + L2D
di!

)]
, (6)

where weights follow an SNR-based schedule wsyn(t)=
SNR(t)

1+SNR(t) , with SNR(t)=

ϑ
2
t /↼

2
t defined by the di"usion coe!cients.

Inference. At test time, we encode the input prompt into local semantic tokens
Sloc and global planner tokens Sglb. When explicit triplets are available (e.g .,
provided by the user or an external parser), they are encoded as Sglb; otherwise,
we default to prompt-only conditioning instead of relying on external VLMs to
supplement the triplets. This makes the VLM an optional semantic frontend for
convenient relation extraction, rather than a required component of the generative
backbone. We then initialize part latents by sampling Gaussian noise for the
geometry and appearance streams, {L3D,T

i ,L2D,T
i }Ni=1, and initialize the local

semantic stream by applying the same forward noising process used in training to
obtain Sloc,T from Sloc. From timestep T to 1, we jointly denoise {L3D,t

i ,L2D,t
i }Ni=1

and Sloc,t using the same part-level and object-level synchronization modules
while conditioning on persistent Sglb. After denoising, the final geometry latents
{L3D,0

i }Ni=1 are decoded by the 3D VAE decoder to obtain part meshes, and the
object is assembled from the decoded parts, with L2D,0

i used for appearance
rendering when needed.

4 PartRel3D Dataset

Existing 3D datasets such as PartNet [33], Objaverse [9], and PartVerse [11]
provide large-scale geometric diversity but are limited in semantic grounding
and relational coverage. They often include either geometry-only annotations
or unconstrained text captions without consistent part correspondence, limiting
their suitability for training models that understand object assembly (how parts
connect) and semantics (what roles parts play). To overcome these limitations,
we introduce PartRel3D, a large-scale, relationally annotated extension of Part-
Verse [11] that links part geometry, appearance, and language through explicit
functional and spatial relationships. Each object in PartRel3D is augmented with
canonicalized triplets that encode both functional dependencies (e.g ., support,
attach, hinge) and spatial arrangements (e.g ., above, touching, aligned-with),
providing large-scale supervision of assembly-level semantics in 3D (Figure 3).
Functional Triplets capture how parts interact in terms of support, attach-
ment, and articulation. Given part- and object-level descriptions, we canonicalize
phrases such as “legs support seat” or “handle attached to body” into triplets
(i, j, ωfunction), where i, j are part indices and ω

function is a functional predicate
(e.g ., support, attach, hinge, symmetry).
Spatial Triplets capture geometric and positional relations between parts. Each
triplet has the same form (i, j, ωspatial), where i and j still index parts from the set
of object parts P , but ω

spatial is a predicate drawn from a controlled vocabulary
of interpretable, assembly-relevant predicates. These include vertical relations
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Spatial Triplets

Vertical relations:
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(plate, cake_body, below)

(cake_body, plate, on-top-of)
(plate, cake_body, under)

Horizontal relations: 
(fork, cake_body, right-of)
Proximity/contact relations:
 (cake_body, plate, touching)

(fork, plate, touching) 

Part views & Part Descriptions Functional Triplets

(plate, cake_body, support)
(cake_body, plate, decorate)
(fork, cake, not-attached)

The image depicts a textured
component ..... This component

 is part of the uppermost layer of
 the dessert, as highlighted....

The object is a white,
circular plate made of ....
 This plate serves as the

 base for the larger cake...,
 supporting the stacked layers 

and decorations above it."

The object is a plastic fork
... It is not isolated and
shown separately on the

right 

3D Object

175 Object
Categories

90K Parts &
Captions

300K Text
Relations

120K Functional Triplets

180K Spatial Triplets

Fig. 3: PartRel3D dataset overview of structured functional and spatial triplets
for fine-grained inter-part semantic supervision.

(above, below, on-top-of, under), horizontal relations (in-front-of, behind,
left-of, right-of), containment relations (inside, surrounding), symme-
try/arrangement (symmetric-with, parallel-to, aligned-with), proximity
and contact relations (touching, attached-to, connected-with).

The resulting PartRel3D dataset contains approximately 11K part-labeled
objects spanning 175 object categories, with over 90K individual parts and 300K
canonicalized relational triplets. On average, each object contains 8.2 parts and
27 inter-part relations, providing dense structural supervision. Additional details,
dataset statistics, and canonicalization criteria are available in the Appendix A.

5 Experiments

Baselines. We compare DreamPartGen against Trellis [46], CLAY [55], HoloPart
[49], and PartCrafter [25], as they represent the current state of the art in 3D
generation. These methods collectively capture the diversity of contemporary
approaches from structured latent representations [46] to explicit part generation
and assembly part-aware text-driven 3D [25]. Moreover, all of them provide
open-source implementations, enabling fair and reproducible comparison under
consistent training and evaluation protocols. Additional details in Appendix B.
Metrics. Following prior work [55], we adopt both perceptual and structural
metrics for text-to-3D evaluation. We report render-FID and render-KID (r-FID/r-
KID) computed from multi-view renderings to assess visual fidelity, and P-FID/P-
KID computed in 3D feature space using PointNet++ [36]. Chamfer Distance (CD)
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Table 1: Quantitative evaluation on 3D object generation. Quantitative com-
parison with state-of-the-art methods on Objaverse, ShapeNet, ABO, and PartRel3D.
Highlighted best and second-best results.

Method Objaverse ShapeNet ABO PartRel3D

CD→ EMD→ IoU→ CD→ EMD→ IoU→ CD→ EMD→ IoU→ CD→ EMD→ IoU→
Trellis 0.361 1.320 - 0.549 1.482 - 0.287 0.933 - 0.532 1.526 -
CLAY 0.318 1.245 - 0.527 1.503 - 0.321 1.022 - 0.410 1.646 -

HoloPart 0.334 1.298 0.494 0.478 1.354 0.542 0.269 0.911 0.529 0.355 1.623 0.716
PartCrafter 0.278 1.107 0.453 0.451 1.252 0.499 0.266 0.905 0.505 0.371 1.474 0.700

DreamPartGen 0.141 0.810 0.359 0.222 0.967 0.503 0.101 0.531 0.404 0.081 0.412 0.304

and Earth Mover’s Distance (EMD) measure geometric precision. For text–shape
alignment, we compute similarity with CLIP-ViT/L-14 [38] and ULIP [47]. In
particular, ULIP-T is defined as the inner product between normalized ULIP em-
beddings of the caption T and the generated shape S, ULIP-T(T, S) = ⇐ET , ES⇒,
reflecting the semantic coherence between textual and geometric modalities. We
further use the average pairwise Intersection-over-Union (IoU) to evaluate the
geometric independence of generated part meshes. Specifically, we voxelize each
generated part in a shared canonical space using a 64⇑ 64⇑ 64 grid and compute
the average pairwise IoU across all generated parts following [25]. Lower IoU
indicates less inter-part overlap and therefore better part disentanglement. The
ideal case is that generated parts are non-intersecting while remaining composable
into a plausible object consistent with the ground-truth structure.

5.1 Quantitative Results

We evaluate geometric reconstruction quality across Objaverse [9], ShapeNet [2],
ABO [8], and PartRel3D. As shown in Table 1, DreamPartGen consistently
achieves the lowest CD and EMD on all benchmarks, outperforming prior methods
by large margins (→60% CD and →41% EMD on average). Moreover, DreamPart-
Gen attains the lowest IoU scores (→ 27.2% on average relative to the strongest
baseline across each benchmark), reflecting stronger geometry independence, i.e.,
the ability to generate non-intersecting yet composable parts that maintain
object-level coherence. Table 2: Text-shape alignment compar-

ison. Quantitative comparison on PartVerse.
Highlighted best and second-best .

Scope Method CLIP(N-T)↓ CLIP(I-T)↓ ULIP-T↓

Object-level

Trellis 0.192 0.214 0.164
CLAY 0.194 0.216 0.156

HoloPart 0.186 0.206 0.155
PartCrafter 0.187 0.207 0.162

DreamPartGen 0.235 0.264 0.197

Part-level

Trellis 0.106 0.122 0.091
CLAY 0.112 0.128 0.096

HoloPart 0.130 0.141 0.113
PartCrafter 0.125 0.145 0.109

DreamPartGen 0.179 0.200 0.153

We further assess text–shape
alignment on the PartVerse dataset
following [11], where half of the
test cases describe individual parts
(e.g ., “a chair leg”) and the rest cor-
respond to complete objects. Ta-
ble 2 shows DreamPartGen im-
proves text-shape alignment over
the strongest baseline across all
metrics by (↑ 20%) at the object
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Ground Truth HoloPart PartCrafter DreamPartGen

Fig. 4: Qualitative comparison on part-level 3D generation. Across diverse
object categories, DreamPartGen yields the most faithful decompositions, preserving
clear part boundaries, correct topology, and consistent spatial alignment. Baselines
frequently exhibit assembly failures such as missing or detached parts (e.g ., wing/head),
spatial drift of small components (e.g ., wheels/mechanical parts floating o! the chassis),
and unstable attachments that create surface tearing or holes around high-contact
regions (neck, torso, shoulders, limb joints).

level and (↑ 35%) at the part level, highlighting the e"ectiveness of RSLs for
fine-grained semantic grounding.

5.2 Qualitative Results

Figure 4 highlights that, across diverse object categories, DreamPartGen consis-
tently generates 3D objects with part-consistent and physically plausible assem-
blies. Compared to the strongest baselines, HoloPart [49] and PartCrafter [25],
DreamPartGen preserves fine-grained geometry more faithfully, maintains inter-
part relationships better, and respects global structural constraints that are
frequently violated by prior approaches. As illustrated, baselines frequently omit
distorted parts or misplace them in space, for instance, generating wheels that
float away from the chassis or misaligning small mechanical parts, leading to
broken functional geometry in the first example. Similar failures appear in the
second and third examples, where HoloPart produces a detached wing (airplane)
or head (humanoid), and both baselines exhibit surface tearing and holes around
the neck, torso, and shoulders, indicating incomplete and unstable attachment
geometry. DreamPartGen, by contrast, generates watertight meshes with intact
intra-part connections, smoother surfaces, and correctly integrated parts. Finally,
in the last row, baselines su"er from hollow torsos, shredded hand geometry, and
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RSL Co-
denoising
(+ Sloc)

Condition-
Only 

(- Sloc)

Fig. 5: Ablation on the co-denoising
process with local semantic tokens
Sloc. The condition-only baseline (↔Sloc)
yields coarse geometry and weak semantic
coherence between parts.

With
Global

Guidance
(+ Sglb)

Without
Global

Guidance
(- Sglb)

Fig. 6: Ablation on the global rela-
tional tokens Sglb. The model exhibits
part-level misalignment and spatial drift
without Sglb.

broken limb attachments, while DreamPartGen maintains coherent small-part
geometry and avoids the severe tearing and disintegration observed in prior
methods. Together, these results demonstrate that DreamPartGen’s relation-
ally grounded generation maintains local part fidelity but also enforces globally
consistent part connectivity even in complex articulated 3D structures.

5.3 Ablations

Relational Semantic Latents (RSLs) Qualitative Analysis. We qualita-
tively analyze the roles of the local semantic Sloc and global relational tokens Sglb.
For Sloc, we compare against a conditioning-only baseline where text embeddings
are injected only via timestep-wise cross-attention, without maintaining persistent
semantic latents across denoising. As shown in Figure 5, conditioning-only yields
coarser and less consistent surface geometry, with weaker semantic coherence
between parts, indicating that co-denoising with Sloc is essential for high-fidelity
part synthesis and stable semantic consistency throughout generation. For Sglb,
we remove the persistent global relational tokens and their object-level synchro-
nization while keeping part-level denoising unchanged. Without global relational
guidance, parts remain plausible in isolation but the assembled object exhibits

Table 3: Ablation on Model Com-
ponents. Evaluation on a fixed random
PartRel3D subset. Best and second-best
results are highlighted.
Method CD→ EMD→ IoU→ ULIP-T↓
HoloPart 0.226 1.482 0.318 0.112
PartCrafter 0.219 1.403 0.341 0.101

DreamPartGen 0.145 0.771 0.212 0.158
✃ Sglb 0.292 2.892 0.587 0.084
✃ Sloc 0.781 5.764 0.652 0.089
✃ Part Identifier 0.277 1.709 0.438 0.091

increased inter-part misalignment,
weaker structural coherence, and spa-
tial drift (Figure 6), confirming that
global relational semantics are crucial
for enforcing coherent object-level or-
ganization during denoising.

RSLs and Part Identity Quan-

titative Analysis. Table 3 summa-
rizes the contribution of each compo-
nent in DreamPartGen, evaluated on
a test subset of PartRel3D dataset
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Table 4: Inference-time Comparison. We report per-sample inference latency.
Methods are grouped by task type (object-level, part-level, or scene-level generation);
timings should be interpreted within each row. Best is highlighted.
Task Setting HoloPart PartCrafter TRELLIS CLAY MIDI DreamPartGen

Object Generation – – 95s 118s – 45s
Part-level Generation 21m 112s – – – 109s
3D Scene Generation – 64s – – 102s 52s

and compared against strong part-aware baselines. We assess performance us-
ing geometric fidelity (CD, EMD), part-level separation via pairwise IoU, and
text–shape alignment through ULIP-T, resulting in a comprehensive view of
both geometry and semantics. Removing the global relational tokens (✃ Sglb)
causes a major regression: CD increases from 0.145 to 0.292 (↓101.4%), EMD
increases from 0.771 to 2.892 (↓275.1%), and part overlap rises from 0.212 to 0.587
(↓176.9%), while ULIP-T drops from 0.158 to 0.084 (→46.8%), indicating that
relational context is essential for preventing collisions and maintaining coherent
assembly. Disabling the local semantic tokens (✃ Sloc) further degrades perfor-
mance: CD increases to 0.781 (↓ 438.6%), EMD increases to 5.764 (↓ 647.6%),
IoU increases to 0.652 (↓ 207.5%), and ULIP-T decreases to 0.089 (→ 43.7%),
confirming the importance of jointly evolving part and semantic latents for stable
generation. Eliminating the part identifier module (✃ Part Identifier) also hurts
disentanglement and semantics: IoU increases to 0.438 ( ↓106.6%), CD/EMD in-
crease to 0.277/1.709 (↓ 91.0%/ ↓ 121.7%), and ULIP-T drops to 0.091 (→42.4%),
showing it helps preserve identity-consistent structure.

Inference E!ciency. Table 4 compares per-sample inference latency across
representative 3D generation methods. Since these methods target di"erent gener-
ation settings (object-level, part-level, and scene-level), we group comparisons by
task type and interpret timings within each row. For DreamPartGen, we report
the prompt-only setting to isolate the cost of the generative backbone. Results
show DreamPartGen remains e!cient despite its semantic synchronization design.

Additional Ablations. Appendix C reports additional experiments, including
perceptual metrics, part-level reconstruction quality, ablations on the number of
RSL tokens, and robustness to relation parsing, rare parts, and held-out relations.

5.4 Downstream Applications

Text-to-3D Scene Generation. DreamPartGen enables a wide range of part-
aware 3D applications, including text-to-3D scene generation. In this task, the
goal is to generate a coherent multi-object scene (a small scene) directly from
a text prompt. During generation, each object is treated as a macro-part with
aggregated DPLs, and a scene-level relational graph from canonicalized triplets
(oi, oj , ω) encodes spatial and functional relations. Objects are first generated
independently and then jointly refined in a brief synchronization step to produce
the final, coherent scene. Additional details on the scene generation process can
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Scene Descriptions

Scene (Object): A modern
dining or work table setup with
four cushioned chairs around a
wooden table. On the tabletop,

there are multiple beverage
bottles including wine and soda,

a laptop, cups, and bowls,
suggesting a casual meeting or

shared dining scene.
Table (Part_1): A rectangular

table with a sturdy metal
frame, serving as the

centerpiece of the setup.
Chair (Part_2) : Four

upholstered chairs with wooden
legs and trims, arranged
symmetrically around the
table,  two on each side.

...

Fig. 7: Mini-scene generation. Given a scene-level description, DreamPartGen
can generate a complete, coherent 3D scene with physically plausible spatial layouts,
capturing object geometry and fine-grained object- and part-level relations.

be found in Appendix D. As shown in Figure 7, DreamPartGen can synthesize
multi-object scenes that respect part structure, spatial constraints, and global
coherence. DreamPartGen’s DPLs assign persistent, semantically meaningful slots
for every part category, ensuring that the model explicitly reasons over fine-grained
sub-components (e.g ., wooden chair legs) and part counts (e.g ., four chairs).
Additional examples are provided in Figure 1 (bottom right) and in Appendix D.

Fig. 8: Part-level editing. From a source object (left),
DreamPartGen can correctly execute relational edit
prompts to place accessories on top of or around the
head, while preserving geometry and spatial consistency.

Text-to-3D Part Edit-

ing. To edit a specific
part, we isolate its DPLs
and freeze all others while
keeping the global rela-
tional context fixed. We
then apply localized re-
denoising via partial DDIM
inversion, optimizing only
the target part’s latents,
followed by a brief syn-
chronization step to re-
store coherence with the
full object. As illustrated in Figure 8, DreamPartGen accurately executes rela-
tional part editing prompts, producing clean, high-fidelity edits with seamless
part-to-part coherence. An additional editing example is shown in Figure 1 (top
right). Details and additional qualitative examples can be found in Appendix D.
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6 Conclusion

We introduce DreamPartGen, a part-aware text-to-3D generation framework
that bridges geometric structure and semantic reasoning through collaborative
part-latent denoising. By coupling Duplex Part Latents (DPLs) with Relational
Semantic Latents (RSLs), DreamPartGen jointly models geometry, appearance,
and inter-part relations, enabling coherent, interpretable, and controllable 3D
synthesis. Beyond single-object generation, DreamPartGen enables a broad suite
of part-centric applications, including relational part editing and compositional
scene generation, highlighting the benefits of explicitly modeling 3D objects
through structured, semantically grounded part latents. An exciting future direc-
tion is to extend this formulation to densely entangled structures, such as bushes
and other highly intricate objects or scenes.
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