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Abstract. Text-driven inversion of generative models is a core paradigm
for manipulating 2D or 3D content, unlocking numerous applications
such as text-based editing, style transfer, or inverse problems. How-
ever, it relies on the assumption that generative models remain sen-
sitive to natural language prompts. We demonstrate that for state-of-
the-art native text-to-3D generative models, this assumption often col-
lapses. We identify a critical failure mode where generation trajectories
are drawn into latent “sink traps”: regions where the model becomes
insensitive to prompt modifications. In these regimes, changes to the
input text fail to alter internal representations in a way that alters
the output geometry. Crucially, we observe that this is not a limita-
tion of the model’s geometric expressivity; the same generative mod-
els possess the ability to produce a vast diversity of shapes but, as we
demonstrate, become insensitive to out-of-distribution text guidance. We
investigate this behavior by analyzing the sampling trajectories of the
generative model, and find that complex geometries can still be repre-
sented and produced by leveraging the model’s unconditional generative
prior. This leads to a more robust framework for text-based 3D shape
editing that bypasses latent sinks by decoupling a model’s geometric
representation power from its linguistic sensitivity. Our approach ad-
dresses the limitations of current 3D pipelines and enables high-fidelity
semantic manipulation of out-of-distribution 3D shapes. Project web-
page: https://daidedou.sorpi.fr/publication/beyondprompts

Keywords: Text-to-3D Editing · Out-of-Distribution Inversion · 3D
Generative Models

1 Introduction

Inverting generative models consists of mapping a given input into the noise
space of a pre-trained network. In recent years, this approach has been shown
to enable many analysis and editing applications thanks to its flexibility and
efficiency (e.g ., [29, 41] among myriad others). The process typically relies on
a paired visual input (e.g ., an image or a 3D shape) and an approximate text
prompt, representing this input. By embedding the source (e.g ., “rabbit”) in the
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model noise space, text-based editing and manipulation can be done by simply
modifying the prompt (e.g ., “rabbit lunging forward”), followed by denoising to
obtain the edited asset. This simplicity, where the user only has to modify a text
prompt instead of relying on complex, specialized software, can be leveraged
in many scenarios such as text-driven editing [29], style transfer [49], or image
inverse problems [3].

Despite the appeal of this strategy, we observe that current 3D manipulation
pipelines do not exclusively use a 3D generative model or follow the simple
strategy described above. Instead, to achieve plausible results, they often require
auxiliary guidance such as user-defined masks, 2D in-painting models, or exploit
strong image-based priors [21,31,46]. Exclusively using text prompts has not yet
been shown to output high-quality inversion or editing results of native text-to-
3D generative models.

In this paper we analyze the root causes behind this phenomenon and reveal
a fundamental mismatch between the geometric expressivity of text-to-3D gen-
erative models and their text-reasoning capacity. Specifically, we note that, as
illustrated in Fig. 1, edit failures often do not stem from the generative model’s
inability to represent a target geometry, but rather from the prompt falling out-
of-distribution. We identify this failure mode as the “sink trap”: a state where
the model becomes unresponsive to textual variations, consistently producing a
nearly identical shape regardless of the prompt, despite possessing the capacity
to produce a variety of geometric structures.

We analyze this behavior by investigating the internal sampling trajectories
of 3D generative models, and observe that they become highly unstable when
using mismatched or out-of-distribution prompts during inversion. Based on this
analysis, we find that leveraging the unconditional distribution of the generative
model is crucial to producing stable trajectories. Building on these insights, we
propose an approach that enables the faithful inversion of complex, non-rigid
shapes that fail with the standard null-text inversion with approximate prompts
[29] in the context of text-to-3D generative models. Remarkably, despite using
the unconditional prior during inversion, we show that our approach still enables
3D shape editing, driven purely by the target text prompt without the need for
any auxiliary models or image-based priors. To the best of our knowledge, ours is
the first approach that demonstrates high-fidelity 3D editing using only a native
text-to-3D generative model and without any additional input beyond the target
prompt. Our contributions are summarized as follows:

1. Characterization of the “sink trap” phenomenon: We identify and analyze a
specific failure mode in 3D generative models where textual conditioning fails
to trigger geometric changes, showing that these failures often stem from a
mismatch between a model’s text reasoning and geometric representational
capabilities.

2. Trajectory Stabilization via Unconditional Priors: We provide a study of the
internal sampling trajectories of 3D models and introduce a method to sta-
bilize them by leveraging the unconditional distribution. This enables the re-
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Fig. 1: Geometry vs. Language Diversity. (Left) Text-conditioned generation exhibits
a “sink trap” effect, where diverse prompts for a “rabbit” yield nearly identical ge-
ometries. (Right) In contrast, our unconditioned 3D generative model overcomes this
linguistic bottleneck, faithfully inverting and reconstructing arbitrary 3D shapes with
high fidelity.

construction of complex, non-rigid shapes where standard text-conditioning
cannot succeed.

3. A Text-to-3D Editing Framework: We show that our proposed inversion
unlocks the first high-fidelity 3D editing pipeline driven solely by a target
text prompt. Our approach relies solely on a native 3D generative model,
removing the need for auxiliary image-based priors.

2 Related Work

2.1 Image Based Inversion

Inversion is a prerequisite for editing real-world images with Text-to-Image (T2I)
models, as it maps a data sample back to a latent code within the model’s noise
space by reversing the sampling process. This conversion provides a represen-
tation that the model can manipulate, a process fundamental to text-driven
editing with diffusion models [9, 37, 38]. However, direct DDIM inversion often
yields imperfect reconstructions due to numerical error accumulation [29,40] and
the challenges of classifier-free guidance (CFG) [10]. While various methods ad-
dress these inaccuracies (see [11] for a survey), Null-Text Inversion (NTI) [29]
remains a cornerstone approach. By optimizing unconditional embeddings, NTI
ensures that the edited result maintains high fidelity to the original image while
remaining responsive to new textual prompts.

Similar principles have recently been extended to flow-based generative mod-
els [24, 26], including inversion-free frameworks [12, 16, 44] that bypass iterative
optimization and mapping to the noise space. Notably, these inversion-free meth-
ods still require mapping the target into a latent representation and necessitate a
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source prompt that describes the original content. As observed in NTI [29], any
prompt that is “reasonable and editable” would work. This requirement persists
when extending 2D solutions to 3D: both the source shape and a corresponding
text prompt are required to anchor the asset within the model’s latent space for
subsequent inversion or editing. Despite the prominence of these methods in the
image domain, the applicability of these latent-space manipulation techniques
to the native latent spaces of 3D generative models remains largely unexamined.

2.2 3D content manipulation with Generative Models

Common approaches to 3D asset manipulation can be categorized into three
paradigms: (1) Score Distillation Sampling (SDS) [32], which optimizes assets
via image generative priors; (2) multiview-consistent image generation, which
leverages multiview priors to ensure geometric coherence; and (3) direct manip-
ulation of 3D representations coupled with 2D inpainting models.

Early work in 3D editing primarily relied on distilling gradients from pre-
trained 2D diffusion models [4, 14, 36]. By rendering 3D assets from stochastic
viewpoints, a generative model can output a score that guides optimization to-
ward a text-aligned result. While applicable to both Neural Radiance Fields
(NeRF) and explicit meshes, this per-edit optimization process is computation-
ally expensive and slow.

Consequently, many subsequent works leverage multiview image generation
for 3D editing [2,5,6,22,27]. These methods are generally more efficient, relying
on multiview-consistent diffusion models to generate edited views, followed by a
rapid reconstruction or refinement step to ensure global geometric consistency.

Finally, emerging works attempt to leverage state-of-the-art 3D models [43]
directly for text-based editing [21,46]. Notably, [46] employs Gemini 2.5 Flash [7]
for inpainting, feeding the edited result back into [43] for asset generation, while
VoxHammer [21] utilizes Flux [17] for inpainting rendered assets. Rather than
manipulating internal model latents, these works introduce the editing signal by
modifying the conditioning input. Their primary contribution lies in leveraging
internal voxel representations to ensure the edited asset maintains structural
fidelity to the original. More recently, [31] used inversion in the multi-view space.
However, due to instabilities in the inversion process, they rely heavily on 2D
backbones for mask selection and multi-view optimization of the geometry.

In summary, existing 3D editing frameworks rarely rely exclusively on the na-
tive generative capabilities of 3D models, instead incorporating 2D text-to-image
(T2I) priors to ensure high visual fidelity. Our study isolates the 3D generative
model to investigate the inherent properties of its latent space.

3 Preliminaries

3.1 Problem formulation

Our goal is to invert a 3D mesh in the latent space of a text-to-3D flow model.
Namely, our inputs are: (1) a 3D shape X embedded in the representation space
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of the flow model as a 3D-VAE latent z0, (2) the conditioning signal C paired
with the source shape (which takes the form of a text prompt Psrc), and (3) a
trained text-to-3D flow model vθ(x, t, C) that can generate 3D shape latents z
from noise.
Our output is a noisy latent z1, such that when re-integrating the generation
process, the generated ẑ0 matches z0 closely. This inversion process is necessary
as we want the mesh to be in a representation that the generative model can ma-
nipulate. When the process of inversion is successful, editing becomes a seamless
operation: we can simply use an edit prompt Pedit and ẑ0 to obtain the desired
shape.

3.2 Rectified Flow and Inversion

Rectified flow models [24, 26] learn a velocity field vθ(xt, t) that transports
a simple prior p1 to a target data distribution p0 by integrating the ordinary
differential equation (ODE) dxt/dt = vt(xt). Sampling integrates the ODE from
t = 1 to t = 0. Conversely, inversion maps a data latent z0 back to noise z1
by integrating the ODE forward (t : 0 → 1). Following a deterministic baseline
analogous to DDIM inversion [37], we utilize forward Euler steps:

zti+1
= zti + (ti+1 − ti)v̂θ(zti , ti, C), (1)

where v̂θ is the velocity field modified by classifier-free guidance (CFG) [10].
Specifically, given a conditioning signal C and guidance scale w, the guided ve-
locity is computed as v̂θ(zt, t, C) = vθ(zt, t, ∅)+w(vθ(zt, t, C)−vθ(zt, t, ∅)), where
∅ represents the null condition.

Inversion is the reverse process of generation: mapping any given input z to
the noise space. Given a data latent z0, one can invert the rectified flow to re-
cover the corresponding noise latent z1 by integrating the ODE in the forward
direction using Eq. 1 with t0 = 0 and tN = 1 [18,35]. We call this process Euler
inversion.

Null-Text Inversion (NTI) [29] improves reconstruction quality when text-
shape alignment is imperfect. Since direct Euler inversion can result in inaccurate
reconstructions, NTI optimizes the unconditional embeddings along the forward
trajectory. During sampling, these optimized null embeddings ensure the gen-
eration trajectory closely matches the inverted reference path, preserving the
original shape’s identity while enabling subsequent prompt-based editing.

vθ(xt, t) = (1 + ω) vθ(xt, t, C)− ω vθ(xt, t, ∅), (2)

3.3 3D Generative Backbone

Our study utilizes TRELLIS [43], a state-of-the-art open-source framework for
high-fidelity text-to-3D generation. We do not consider recent iterations of the



6 V. Chen et al.

method, including TRELLIS.2 [42], as its improvements primarily target the
image-to-3D branch, which falls outside the scope of our study. TRELLIS gen-
erates assets in two stages:
Sparse Structure Generation. A first rectified flow model GS produces a
low-dimensional latent z0 ∈ R8×16×16×16, which is decoded into a coarse 643

voxel-based structure. This stage defines the global geometry of the asset. Any
mesh can be projected into this space by voxelization and encoding via the pre-
trained VAE (more details in Supp. Sec. B).
Structured Latent Generation. A second model GL refines the coarse struc-
ture by generating high-dimensional sparse latents (SLATs), which are necessary
for creating the resulting texture details. These latents are then decoded into the
final 3D representations, such as meshes, radiance fields or Gaussian splats. Our
study primarily operates within the latent space of the structure model GS .
Modifying GL predominantly results in texture-level updates with only marginal
changes to the underlying geometry (see Supp. Sec. B).

4 Expressivity of Language and Geometry

Our key observation is that the assumption that textual instructions can reli-
ably navigate the latent space of 3D models often fails when prompts fall out-of-
distribution. We first quantify this failure by measuring the model’s responsive-
ness to different semantic categories and identifying where generation collapses
into “sink traps”. We then evaluate how different text prompts impact inversion
stability compared to image-based models. Finally, we demonstrate that by by-
passing text-conditioning, the underlying generative prior can be used to create
and edit complex shapes.

4.1 Language Diversity

The generative fidelity of 3D generative models is non-uniform across the prompt
distribution. We observe that for specific semantic categories, the model exhibits
a form of localized model collapse. In these regions, the model loses sensitivity
to textual variations and converges toward a generic shape. This is qualitatively
shown in Fig. 2, where diverse prompts regarding specific subjects yield near-
identical topology. Note the variation across semantic categories.

To quantify this behaviour, we perform a diversity analysis using SigLIP [39].
We generate a collection of prompts T = {t1, . . . , tn} centered on specific se-
mantic anchors (e.g ., astronaut, labrador) using Gemini 3 Pro [8] and create
associated shapes with TRELLIS [43].

For each generated asset, we obtain a set of multi-view renders Ii covering a
360◦ orbit. Let Φvis(·) and Φtxt(·) denote the SigLIP image and text encoders,
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Fig. 2: We generate multiple assets using TRELLIS [43] across diverse character classes
(e.g ., surgeon, astronaut) while varying specific prompt attributes (e.g ., “[Class] in a
sitting pose” vs. “sprinting with arms swinging back and forth”). Despite these targeted
variations, we observe significant mode collapse, where the model converges to a nearly
identical geometry and texture for some classes, failing to modify the final result as
requested by the text prompt.

respectively. We define the average pairwise distance for both modalities as:

∆vis =
1

N(N − 1)

∑
i̸=j

(
1− cos

(
Φvis(Ii), Φvis(Ij)

))
∆txt =

1

N(N − 1)

∑
i̸=j

(
1− cos

(
Φtxt(ti), Φtxt(tj)

)) (3)

The diversity ratio R = ∆vis/∆txt characterizes the model’s responsiveness
to linguistic shifts. This ratio is closely related to the Lipschitz constant of the
generative model with respect to text inputs, where the main difference is that
the cosine distance does not necessarily define a metric space.

Table 1: Values of ∆vis, ∆txt, and R across dif-
ferent subjects for TRELLIS [43], LN3Diff [19]
(LN), and GaussianAnything [20] (GA). Most
subjects exhibit R < 1.

TRELLIS LN GA

Subject ∆vis ∆txt R R R

Cute puppy 0.376 0.394 0.990 0.970 0.538
Surgeon 0.196 0.377 0.515 0.806 0.613
Husky 0.381 0.427 0.799 0.651 0.496
Dancing girl 0.512 0.404 1.205 0.626 0.569
Car 0.420 0.367 1.124 0.417 0.452
Scary wolf 0.156 0.270 0.640 1.041 0.707
Astronaut 0.260 0.461 0.638 0.861 0.529
Labrador 0.441 0.489 0.788 0.697 0.389

A low ratio (R ≪ 1) indi-
cates that the model is operating
in a sparse region of the joint em-
bedding space, where noticeable
changes in the text prompt lead
to small (or no) visual changes.
This behavior can be attributed
to the text capability of the gener-
ative model being effectively out-
of-distribution (OOD) relative to
the learned geometric priors. In
such cases, the conditional signal
fails to steer the generation, caus-
ing the output to collapse toward a generic canonical shape. Our quantitative
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results in Tab. 1 suggest that the text-to-shape manifold is non-uniformly pop-
ulated. Some specific semantic groups reside in densely mapped regions that
facilitate high diversity, while others encounter sink regions with little to zero
diversity. To confirm this phenomenon generalizes beyond TRELLIS, we addi-
tionally evaluated LN3Diff [19] and GaussianAnything [20] models. As shown in
Tab. 1, both models consistently exhibit R < 1 across the majority of categories.
We also evaluated models prior to 2024 [13, 33, 47], however their quantitative
performance was too poor to generate plausible results for many input prompts.

This poses a significant challenge for 3D shape editing: in general, the user
does not have access to the “ground truth prompt” of the shape, but rather an
approximate prompt based on their observation, or the help of an auxiliary tool
(e.g ., LLM). Because of the existence of sparse regions in the joint embedding
space, the approximate prompt will likely be out-of-distribution (OOD). There-
fore, using an approximate prompt will unlikely yield the desired result as the
model will become unresponsive to it.

Fig. 3: Our unconditional 3D shape inversion (Left) and text-driven editing (Right)
pipelines. We invert an arbitrary input shape by using an empty prompt and refining
its embedding via NTI optimization [29]. Remarkably, this unconditional inversion
strategy not only yields superior reconstructions, but the resulting noisy latent and
optimized embedding also supports powerful, open-vocabulary editing of the input 3D
shape.

4.2 Out-of-Distribution Prompts

As inversion requires a source prompt that corresponds to the initial geome-
try, when the user provides an OOD prompt relative to the shape, the joint
embedding fails to align, and the resulting reconstruction will fail. Worse, any
downstream task, such as editing, will be affected, and the output will not cor-
respond to the user’s intent. This behaviour differs from T2I models, where it
has been noted that providing “any reasonable and editable prompt” is sufficient
for robust inversion and editing [29].

To validate this, we conducted an inversion and resampling experiment on
TRELLIS-generated assets using three prompt conditions: the true prompt, a
two-word approximate variant, and an empty prompt. Reconstruction accuracy
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was evaluated using the L1 score on the coarse voxel structure produced by
the geometric stage GS . As shown in Tab. 2, approximate prompts led to poor
reconstructions in TRELLIS, whereas in comparison trials with Stable Diffu-
sion [34] and FLUX.1 [17], reconstructions with approximate prompts remained
comparable to those using original prompts.

We further analyze this instability by computing the norm of the predicted
velocity during inversion. In T2I models, the sequence of score norms across
noise levels can detect OOD data samples [28]. For the flow-based formulation
of TRELLIS, we evaluate the equivalent sequence of velocity norms ∥vt∥ across
timesteps [18]. Our results show that approximate prompts result in substantially
higher velocity norms, signaling an attempt by the model to escape low-density
regions.

This analysis highlights both the difficulty of 3D-based inversion and the lack
of previous purely text-driven editing methods. Indeed, as we show, because they
become OOD prompts, using approximate prompts as advocated in image-based
approaches [29], is not suited for text-to-3D models, even state-of-the-art ones
like TRELLIS.

Instead, we find that the empty prompt instead promotes substantially smaller
velocity norms and more stable trajectories (Fig. 4 and Table 2). In classifier-free
guidance, the w-difference term between conditional and unconditional velocities
can act as an unstable, high-variance gradient when the conditioning is highly
out-of-distribution (e.g ., from an approximate prompt). Using an empty prompt
eliminates this OOD guidance, keeping the trajectory stable. This suggests that
combining the null prompt with a shape is a more reliable strategy for embed-
ding such pairs into the model’s latent space, and also enables stable text-based
editing when combined with inversion.

4.3 Geometric Expressivity and Text-Editing

Fig. 4: The velocity norm of FLUX.1 [17]
remains stable across different prompt
types, whereas TRELLIS [43] exhibits
large variations.

Table 2: Effect of prompt types on inver-
sion quality across different models.

True Prompt Approximate Prompt Empty Prompt

Stable Diffusion v1.4 [34]
PSNR ↑ 15.00 ± 2.43 14.61 ± 3.45 15.66 ± 2.57
LPIPS ↓ 0.56 ± 0.07 0.59 ± 0.08 0.57 ± 0.07

FLUX.1 dev [17]
PSNR ↑ 10.32 ± 2.55 10.62 ± 6.12 15.12 ± 3.33
LPIPS ↓ 0.57 ± 0.169 0.58 ± 0.19 0.48 ± 0.13

TRELLIS [43]
L1 ↓ 17.75 ± 34.59 76.55 ± 73.35 5.40 ± 14.15

LN3Diff [19]
L1 ↓ 1.75 ± 0.98 1.82 ± 1.16 0.05 ± 0.07

GaussianAnything [20]
L1 ↓ 0.32 ± 0.45 0.99 ± 0.47 0.19 ± 0.06
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(a) Target (b) Euler + C̃ (c) NTI [29] (d) Euler + ∅ (e) NTI + ∅

Fig. 5: Comparison of shape reconstruction across inversion methods. (a) Target shape.
(b) Euler inversion with approximate text prompt. (c) NTI inversion with approximate
text prompt. (d) Euler inversion with empty prompt ∅. (e) NTI inversion with empty
prompt ∅. When using approximate text prompts (b-c), both methods fail to accurately
reconstruct the target shape. In contrast, inverting with an empty prompt (d-e) enables
both methods to achieve high-fidelity reconstruction.

Building on the finding that null prompts coupled with shape embeddings
mitigate OOD drift, we utilize this stability to probe the model’s inherent ge-
ometric expressivity. As illustrated in Fig. 5 and in the experiment section 5,
using an approximate prompt C̃ often leads to implausible geometries or artifacts,
likely due to the latent trajectory drifting into sparse density regions during in-
version. This capability demonstrates that unconditional embeddings can guide
the model to recreate complex shapes where finding the correct text-conditioning
would be very challenging. We interpret the phenomenon as a clear “expressivity
mismatch”: the model’s geometric capacity far exceeds its language-constrained
expressivity, proving that the latent space contains a wealth of geometric detail
accessible only through unconditional guidance.

Text-guided editing of arbitrary shapes. Our text-driven editing pipeline
leverages the unconditional distribution (see Fig. 3 for an overview). Because we
invert arbitrary shapes, our approach enables text-based retargeting. Namely,
given a shape X , the objective is to re-target the source pose to diverse tar-
get characters (see Fig. 6). For example, if the source shape is a demon figure
dancing, we can use edit prompts such as Pedit “princess dancing” or “cowboy
dancing”. We first invert X into the TRELLIS latent space using a null prompt
(Psrc = ∅). To perform an edit, we resample from the inverted noise latent using
the edit prompt (Pedit). We optionally apply null-text optimization [29] to opti-
mize the unconditional embeddings along the sampling trajectory, which allows
the edit to maintain further structural integrity to the original shape.
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“ … in dancing motion” “Astronaut… ” “Man… ”“Pirate … ” “Batman… ” “Cowboy … ”

“Seagull… ”“Turkey … ”“Duck… ” “Eagle… ” “Pigeon… ”

“Witch… ” “Monster … ”“Doctor… ” “Wizard… ” “Mickey… ”

“ … storming forward”

“ … holding a sword 

Fig. 6: Open-vocabulary edits (right) on non-rigid 3D shapes (left) inverted by our
method within the unconditional latent space of the TRELLIS 3D generative model.
Our inversion method reliably reconstructs arbitrary shapes and enables semantic edits.

5 Experiments

5.1 Experimental setup

Implementation For inversion, we use classifier-free guidance (CFG) scale of 5
and 50 sampling timesteps. We perform inversion exclusively on the first-stage
flow model GS , which dictates the global geometric structure, while keeping the
second-stage model GL fixed and seeded to isolate the source of variation. When
employing Null-Text Inversion (NTI) [29], we use the Adam optimizer [15] with
a learning rate of 1 × 10−4 and 10 inner optimization steps per sampling step,
conducted on a single L40S GPU. We measure reconstruction quality using an
L1 metric on the decoded latents, defined as L1 = |x̂0 − D(E(x0))|, where E
and D represent the VAE encoder and decoder. This ensures we account for the
inherent VAE reconstruction bias. To capture finer surface details and percep-
tual fidelity, we also compute LPIPS [48] scores between rendered normals of the
original and reconstructed meshes across 10 distinct viewpoints.

Datasets We evaluate our method using two datasets: 200 non-rigid humanoid
and animal characters from the DT4D dataset [23] to assess open-vocabulary se-
mantic edits on complex, out-of-distribution (OOD) shapes, and a subset of 80
TRELLIS-generated shapes. The latter is used strictly for comparisons to other
methods, as existing methods like VoxHammer [21] suffer from latent value ex-
plosion on DT4D (see Supp. Sec. D for precise dataset preparation). The detailed
creation of the TRELLIS-generated shapes, as well as the setups of Sections 4.1
and 4.2 are detailed in the supplementary material.
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Fig. 7: Comparison of our editing with native 3D space baselines: the state-of-the-art
VoxHammer, and the TRELLIS second stage edit. VoxHammer fails to create plausible
shapes due to the inversion failure, while TRELLIS proposes only texture changes. Ours
is the only method to provide meaningful retargeting based on the editing prompts.

5.2 Evaluation of geometric expressivity

To evaluate the geometric expressivity of TRELLIS, we compare four configura-
tions: Euler inversion and NTI, each paired with either an approximate prompt
C̃ (e.g., “A horse galloping”) or an empty prompt ∅. Results in Supp. Mat. (Table
1) demonstrate that using an approximate prompt can be detrimental to recon-
struction quality; while NTI with C̃ improves reconstruction over Euler with C̃,
it remains significantly worse than using an empty prompt. Notably, when using
∅, both Euler and NTI achieve similar, high-accuracy results.

As illustrated in Fig. 5, using an approximate prompt C̃ often leads to im-
plausible geometries or artifacts, likely due to the latent trajectory drifting into
sparse density regions during inversion. In contrast, Euler inversion with a null
prompt consistently achieves the highest reconstruction accuracy, successfully
capturing the complex, non-rigid topologies inherent in DT4D. This capability
demonstrates that unconditional embeddings can guide the model to recreate
complex shapes where finding in-distribution text-conditioning would be very
challenging.

5.3 Text-Guided Editing Evaluation

We now evaluate editing capabilities by creating edit prompts Pedit that modify
appearance while preserving the original pose and structure.

Baselines. We compare our approach against the native editing procedure of
TRELLIS [43], the text-based pipeline of VoxHammer [21], and two image-prior
baselines: Vox-E [36] and Instant3DiT [1] (visual comparisons in Supp. Fig. 7. We
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Fig. 8: Multiview consistency of 3D edits. Because our method operates natively in
the 3D space, the provided edits are naturally view-consistent.

exclude full-scene editing methods to ensure a fair, direct quantitative compari-
son with our mesh-based object editing. Additionally, TRELLIS’ native editing
retains coarse structures by re-running only its second-stage model (GL); how-
ever, it primarily modifies texture with negligible geometric updates (Fig. 7).
Furthermore, VoxHammer fails on 67% of DT4D dataset samples due to in-
version drift causing latent value explosion (rendering shapes undecodable by
the VAE). Even when successful, VoxHammer requires manual 3D masking, fre-
quently produces implausible geometry, and struggles to modify subjects while
preserving their original pose.

Quantitative and Visual Results. To evaluate editing quality, we sample
30 rendered views per edited sample. Table 3 reports alignment with the target
prompt Pedit using SigLIP [39], CLIP scores, and LLaVA-1.5-7B [25] for VLM-
based evaluation (1–5 scale). Starting from inverted noise (Euler + ∅ and NTI +
∅), our method consistently outperforms all baselines. Beyond visual quality, our
approach offers a substantial computational advantage. Both Instant3DiT [1] and
VoxHammer [21] require manual mask creation, with VoxHammer additionally
rendering over 150 views to extract multi-view DINOv2 [30] features. Meanwhile,
Vox-E [36] relies on notoriously slow per-scene optimization, taking over an hour
per edit. In contrast, our pipeline requires only input mesh voxelization and three
generative sampling passes (averaging 9s per edit). This drastically improves
computational efficiency while maintaining higher structural integrity.

5.4 Geometric Consistency

Despite enabling global geometric modifications, our edits remain strictly 3D-
consistent. We provide multiview renders of our results in Fig. 8. These renders
confirm that our method maintains structural coherence and rendering stabil-
ity across all viewing angles. Further videos are provided in the supplementary
material.

6 Limitations and future work

Limitations. Although our method produces high-quality edits, it is funda-
mentally bounded by the generative model’s underlying distribution. Uncondi-
tional inversion successfully recovers the structure of highly out-of-distribution
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Fig. 9: Bottom-left: input shape in a dancing
pose on the floor. Bottom-right: two edits. The
edits showcase failure modes, likely because the
pose is geometrically out of distribution.

Table 3: Quantitative evalua-
tion of the edited assets. † in-
dicates methods requiring image-
based priors.
Method SigLIP ↑ CLIP ↑ VLM ↑

TRELLIS.1 [43] 0.0797 0.2489 2.65
VoxHammer [21] 0.0240 0.2207 1.33
Vox-E† [36] 0.0250 0.2430 1.84
Instant3DiT† [1] 0.0405 0.2434 1.99
Ours 0.1469 0.2829 3.98

shapes, but the subsequent editing trajectories can become unstable under sim-
ple prompts. In these extreme cases, applying edit prompts with the retrieved
noise latent and unconditional embeddings yields implausible geometries (Fig. 9).
Because our optimization does not explicitly enforce geometric plausibility, large
semantic shifts on rare poses may produce unrealistic results.

Future work. First, future research can focus on improving editing robust-
ness, notably by automatically detecting out-of-distribution and low-diversity
states. Second, inversion could be applied to new downstream tasks; since it
captures rich geometric cues, adapting image morphing techniques [45] to 3D
shapes would benefit shape analysis applications.

7 Conclusion

We present the first systematic investigation of inversion techniques for native
3D generative models, revealing fundamental differences from established image-
domain methods. Our key finding is that weak text-shape alignment in 3D gener-
ative models causes standard prompt-guided inversion to drift into sparse regions
of the learned distribution, resulting in poor reconstructions and implausible ge-
ometries. To address this challenge, we propose a simple yet effective solution:
leveraging the unconditional generative prior during inversion. By performing
Euler inversion with an empty prompt and optimizing only the unconditional
embeddings via null-text optimization, we achieve high-fidelity reconstructions
of complex, out-of-distribution shapes. Remarkably, this unconditional inversion
strategy not only improves reconstruction quality but also enables meaningful
text-driven editing while preserving the source shape’s global structure and pose.
Finally, even with the rapid growth of 3D data repositories, text-to-3D genera-
tion is likely to remain data-constrained, meaning user-provided meshes may lack
corresponding generative prompts. Our approach sheds light on the possibility
of inversion and editing in such data-constrained regimes.
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