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Figure 1. We present Steer3D, which enables feedforward editing of generated 3D assets by ingesting text steerability to image-to-3D
models. Steer3D uses an architecture inspired by ControlNet to leverage image-to-3D pretraining and achieve data efficiency. We build
an automated data engine that generates 96k synthetic editing pairs for scalable training. Steer3D shows strong editing capabilities while
staying consistent with the original 3D asset, as shown on the right side.

Abstract

Recent progress in image-to-3D has opened up immense
possibilities for design, AR/VR, and robotics. However, to
use AI-generated 3D assets in real applications, a critical
requirement is the capability to edit them easily. We present
a feedforward method, Steer3D, to add text steerability to
image-to-3D models, which enables editing of generated 3D
assets with language. Our approach is inspired by Control-
Net, which we adapt to image-to-3D generation to enable
text steering directly in a forward pass. We build a scal-
able data engine for automatic data generation, and de-
velop a two-stage training recipe based on flow-matching
training and Direct Preference Optimization (DPO). Com-
pared to competing methods, Steer3D more faithfully fol-
lows the language instruction and maintains better consis-
tency with the original 3D asset, while being 2.4× to 28.5×
faster. Steer3D demonstrates that it is possible to add a new
modality (text) to steer the generation of pretrained image-
to-3D generative models with 100k data. Project website:
https://glab-caltech.github.io/steer3d/

1. Introduction
Generative image-to-3D models [18, 40, 45] enable users to
create 3D assets from a single image, unlocking new appli-
cations in design, AR/VR, and robotic simulation. How-
ever, integrating AI generations into real applications re-
quires editing and customizing the generated 3D assets, a
capability not supported by these models.

Existing solutions to 3D editing include 2D-3D pipelines
which use image editing to change the object views and then
lift to 3D [6, 34, 37]. However, they suffer from inconsistent
image edit outputs, which are reflected in the reconstructed
3D shape. These methods are also slow – they take several
minutes per edit. To address these inherent limitations with
pipeline methods, we want to train a feedforward model that
directly perform editing in 3D. The most intuitive approach
is to design a generative model which takes the original 3D
asset as input, and generates the edited asset conditioned on
the edit instruction. However, such models rely on paired
3D editing data with text instructions, which is very difficult
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to obtain. Due to this challenge, training such a model from
scratch is impractical.

We propose a solution from a different perspective: in-
stead of training an editing model from scratch, we can turn
any image-to-3D model into an editing model by augment-
ing it with text steerability. Fig. 1 shows an overview of our
method, Steer3D. We start from a pretrained image-to-3D
generator and augment it with ControlNet [43]. ControlNet
ingests the steering prompt and guides the base model to-
ward the desired 3D edit. To edit any asset generated by the
base model, we can run Steer3D with the input image plus
the editing text, and directly obtain an edited asset that fol-
lows the instruction and remains consistent with the original
asset. By leveraging shape and object priors from pretrained
image-to-3D models, this design is more data-efficient than
training a standalone editing model from scratch.

A data-efficient architecture makes feedforward 3D edit-
ing tractable, yet we still need to collect paired 3D edit
data for training. We develop an automated data engine
that combines image editing models, large vision–language
models, and image-to-3D generators to synthesize diverse
geometry- and texture-edit pairs. In total, we produce 96k
training pairs covering a wide range of shape and appear-
ance changes. We then train Steer3D with flow matching
[25], and apply Direct Preference Optimization (DPO; [35])
to avoid the trivial “no-edit” solution. Our analysis shows
that both the data engine and the training recipe scale effec-
tively. Fig. 1 (right) shows outputs from Steer3D.

Our main contributions are as follows:
• We build a feedforward model for 3D editing which

demonstrates stronger instruction following and better
consistency preservation than existing methods, while be-
ing 2.4× to 28.5× faster.

• We propose a novel architecture that adapts ControlNet to
image-to-3D generation to enable language steering.

• We design a scalable, automatic data engine that can gen-
erate 3D editing paired data.

• We develop a two-stage training recipe that integrates
flow-matching and Direct Preference Optimization to add
text steering capability to pretrained image-to-3D models.

• We release EDIT3D-BENCH, a 3D editing benchmark
with diverse object types and editing instructions.

2. Related Work

Image-to-3D Models. Image-to-3D models generate 3D
assets based on a single image. Recent state-of-art models
[38, 40, 45] formulate image-to-3D as conditional genera-
tion via rectified flow [25]. These models don’t allow direct
text-based editing, even though TRELLIS [40] can be com-
bined with inpainting methods [29] to perform limited edit-
ing, assuming the additional input of a 3D bounding box.
We study editing with language guidance and no additional

input, and via a forward pass.
3D Editing Pipelines Based on 2D Editing. Starting from
Instruct-NeRF2NeRF [13], various methods [4–6, 10, 22,
39] build pipelines with 2D editing models to perform 3D
editing. [13, 17] are based on NeRF [30], [13, 17, 37] are
based on Gaussian splatting [21], and [34] is based on tri-
plane. While there is active effort on improving multiview
editing consistency [4, 20, 37], this issue is still challeng-
ing, limiting editing quality. Furthermore, these pipelines
are also slow due to rendering, multiple model invocations
and NeRF or Gaussian optimization.
Test-Time Optimization. Test-time optimization for
3D editing includes score-distillation-based methods and
inversion-based methods. Score distillation [33] is adapted
for 3D editing in [14, 23, 36, 46]. These methods use
the score distillation loss from 2D text-to-image models to
guide optimization. 3D-LATTE [31] is an inversion-based
method that uses attention injection. These methods are
slow due to the optimization required, and oftentimes con-
tain instance-specific hyperparameters.
Feedforward 3D Editing. Feedforward 3D editing is very
challenging due to the lack of large-scale 3D edit pairs.
SHAP-EDITOR [7] trains one model per editing instruc-
tion, and only supports 6 editing instructions. Other meth-
ods tackle an easier version of 3D editing, assuming the ex-
tra input of 3D bounding box, such as MaskedLRM [12]
and Instant3DEdit [1]. Another class of feedforward 3D
editing models is LLM-based, such as ShapeLLM-Omni
[42] which tokenizes 3D assets, or LL3M [28] and Blender-
Alchemy [19], which are agentic frameworks that edits
blender code of 3D objects.

3. Method
We enable editing of 3D assets by augmenting image-to-3D
models with text steerability. Given a reference image of
an object and a text instruction, we design a feedforward
model that generates a new asset which follows the text in-
struction while being faithful to the “unsteered” generation
of the image-to-3D model. To train such a model, we intro-
duce three key components: (a) an architecture design that
can leverage generative pretraining of image-to-3D models;
(b) an automatic data engine that generates creative editing
prompts and pre-post editing pairs; (c) a two-stage training
recipe combining flow-matching training and Direct Prefer-
ence Optimization (DPO; [35]).

3.1. Architecture

Existing image-to-3D generative methods [40, 41, 45] rely
on large-scale pretraining. For example, TRELLIS [40] is
trained on 500k (image, 3D) pairs. To give them an addi-
tional 3D editing capability with natural language instruc-
tions is expected to require even more training data, in the
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Figure 3. Steer3D architecture: we design a ControlNet-based ar-
chitecture to leverage the shape and geometry prior of pretrained
image-to-3D generative models. We add a trainable ControlNet
block corresponding to each transformer block in the base model.

form of (image, instruction, 3D) triplets. Such data is hard
to obtain at scale. We propose an alternative that is less
data-hungry, inspired by advances in image editing [43].
We build upon existing pretrained 3D models, and learn to
steer their representations by designing a text-conditioned
3D ControlNet, as shown in Fig. 3.

Base Model. Steer3D uses a ControlNet architecture [43]
adapted to image-to-3D generation. We choose TRELLIS
[40], a state-of-the-art image-to-3D approach, as our base
model. TRELLIS is composed of two rectified flow models:
the first flow model generates coarse geometry represented
as binary occupancy in a 64×64×64 voxel grid. The second
flow model takes the generated geometry as input, and gen-
erates latent features that can decode into Gaussian splats,

radiance field, or a mesh. We apply the same architecture to
both the geometry and the texture model of TRELLIS.

ControlNet for 3D Editing. The base model is composed
of 24 stacked transformer blocks. We add a ControlNet
block corresponding to each layer: we first copy the archi-
tecture and weights of the base model transformer block,
then add additional cross attention that attends to the edit-
ing text, and append a projection layer that is initialized
at zero. The output of each ControlNet block is added to
the output of the corresponding base model block, which is
then passed to the next transformer block of the base model.
The ControlNet output is also passed to the next ControlNet
block. This is illustrated in Fig. 3.

The base model is kept frozen, and only ControlNet
components are trainable. Since each projection layer is
zero-initialized, the initial outputs of all ControlNet blocks
are zero, meaning Steer3D predicts the base model output
at initialization. This provides us with a good optimiza-
tion starting point. Furthermore, since the ControlNet trans-
former blocks are initialized with the base model weights,
the control branch preserves object and shape priors learned
during the base model’s pretraining. These design choices
enable data-efficient, stable training. We deviate from the
the original ControlNet paper [43]. ControlNet was orig-
inally UNet-based and added control to skip connections.
We adapt it for transformer-based flow models and add it
directly to each block’s feature.

3.2. Data Engine

Feedforward models are data-driven. Yet, relying on hu-
mans to generate large-scale 3D editing pair data is infeasi-
ble. To tackle this problem, we propose a scalable synthetic
data pipeline utilizing 2D editing models and image-to-3D
generative models. We sample 16k objects from Objaverse
[8] and generate 96k high quality 3D editing pairs.

Our data engine is illustrated in Fig. 2. For each Obja-
verse asset, we first rotate the object and render a 2D view,
so that our data is not constrained to front-side edits. Next,
we prompt a VLM, GPT-4.1-mini, to propose a total of 20

3



creative edits in the following categories: addition, removal,
and new texture. Then, we edit the rendered view with a
state-of-the-art 2D editing model, Step1X-Edit [27], and re-
construct to 3D using an image-to-3D model, Hunyuan-3D
2.1 [45]. Our data engine generates 320k raw 3D pairs us-
ing a total of 2, 500 H100 hours.

To improve data quality, we perform two-stage data fil-
tering to reduce incorrect edits and inconsistent reconstruc-
tions. For image editing errors, we first prompt a VLM,
unaware of the editing instruction, to list the differences
between a rendered view of the original and edited asset.
Then, we query a separate LLM (without giving it the im-
ages) to determine if the differences listed indicate a suc-
cessful and accurate edit. We separate these two roles to
reduce hallucination. For reconstruction inconsistency, we
use 2D perceptual similarity [11] thresholding on rendered
images of the generated asset and the edited image, and dis-
card pairs with low similarity. This two-stage filter filters
out 70% of all generated pairs. We show outputs of our data
engine in Fig. 1 and Fig. 13.

3.3. Training Recipe

Steer3D uses a two-stage training recipe: (1) supervised
flow-matching training; (2) Direct Preference Optimization
(DPO; [35]) to penalize the “no edit” behavior, a local opti-
mum for our model.

Supervised Flow-Matching Training. Similar to our base
model, Steer3D is a rectified flow model which defines a
linear forward process between data samples x0 and noise
samples ϵ ∼ N (0,I), x(t) = (1 − t)x0 + tϵ. The flow-
matching objective aims to align the velocity v at each
timestep with the overall direction of ϵ − x0. We start by
fine-tuning the ControlNet weights with the text prompt via
the normal flow-matching loss:

LSFT
ϕ = Et,x0,ϵ[∥vθ,ϕ(xt, t)− (ϵ− x0)∥2]

where θ is the frozen base model weights and ϕ is the train-
able ControlNet weights, vθ,ϕ is the predicted velocity by
the ControlNet-enhanced model.

Direct Preference Optimization. Supervised flow-
matching training can yield a conservative model which
sometimes ignores the edit prompt and predicts the unedited
asset. We hypothesize that this is because the pre- and post-
edit assets are close in the latent space for localized edits,
and a distribution-matching-type objective might struggle
to push the prediction apart from the original output (which
is also our initialization based on ControlNet). We want to
explicitly discourage the “no edit” behavior via DPO. For
each editing pair, we use the ground truth as a positive ex-
ample, the original generation as a negative example, and
apply the DPO loss adapted for flow matching [26]:

LDPO
ϕ = −E[log sigmoid(−β

2

((∥vθ,ϕ(x+, t)− (ϵ− x+)∥2 − ∥vθ,ϕ(x−, t)− (ϵ− x−)∥2)−

(∥vref(x+, t)− (ϵ− x+)∥2 − ∥vref(x−, t)− (ϵ− x−)∥2))]

+ αLSFT
ϕ

where x+ is the edited (positive) asset latent, and x− the
unedited (negative) asset latent, and vref is the checkpoint
from the supervised flow-matching training. To stabilize
DPO training, we also add the flow-matching loss as regu-
larization.
Training Details. Since our base model, TRELLIS, con-
tains two separate flow models for geometry and texture re-
spectively, we perform separate training for each stage, fol-
lowing roughly the same recipe. For both stages, we apply
gradient clipping to stabilize training. We sample timesteps
with a higher standard deviation than the original TREL-
LIS training, to increase coverage at small timesteps. For
the geometry ControlNet, we train separately for addition
and removal for the best performance, and do not perform
DPO. For texture editing, since geometry should be un-
changed, the geometry model is run with no control, yield-
ing the source geometry. We train on 6 A100 GPUs with
per-GPU batch size of 2 and gradient accumulation of 2 for
the geometry stage, and per-GPU batch size of 8 without
gradient accumulation for the texture stage. We note that
Steer3D separates geometry and texture because our base
model, TRELLIS, separates them into two models. How-
ever, our recipe is not limited to two-stage models.
Classifier-Free Guidance. Similar to other flow-based
models, we apply classifier-free guidance (CFG; [16]) dur-
ing supervised flow-matching training for the texture Con-
trolNet by dropping the editing text with a probability of
0.2. For the geometry model, we train without CFG be-
cause it can lead to unstable training. At inference time, we
can still optionally perform CFG by using the original base
model (which does not take in text) as the unconditional
model.

4. EDIT3D-BENCH

3D editing has been largely evaluated qualitatively. Since
different methods assume different inputs, such as multiple
posed views [4, 13, 37], optimized Gaussian splats [6], or
NeRF [17], there is no standard benchmark. Prior methods
evaluate editing quality based on metrics such as CLIPScore
[15] or PickScore [24], or LLM-based text-to-3D evalua-
tor Eval3D [9]. These metrics, not designed for 3D editing
evaluation, have 3 key limitations: (1) they are designed
for descriptive, caption-type text, and editing prompts such
as “add something”, “remove something”, “replace some-
thing” are out of distribution; (2) they only measure align-
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Figure 4. We present EDIT3D-BENCH, which contains diverse
edits spanning texture, addition, and removal. It comprises 250
objects and 250 distinct edits, which is 41.6× the size of the ex-
isting commonly-evaluated objects from InstructNerf2Nerf.

ment to the editing text, but cannot evaluate consistency
with the original 3D asset. (3) they rely on 2D renderings
and cannot directly evaluate 3D geometry.

We propose EDIT3D-BENCH, a benchmark composed
of (pre-edit 3D, instruction, post-edit 3D) triplets. The
ground truth post-edit 3D enables evaluation of both cor-
rectness and consistency, via 3D geometry metrics such as
Chamfer Distance and F1 score, and 2D perceptual metrics
such as LPIPS [44] on rendered views.

EDIT3D-BENCH is sourced from our data engine and
selected and verified by humans. EDIT3D-BENCH encom-
passes 250 objects with distinct and detailed edit instruc-
tions, including 150 distinct texture edits, 50 addition edits
and 50 removal edits. EDIT3D-BENCH is 41.6× the size
of the existing commonly-evaluated examples. Examples
are shown in Fig. 13. Our instructions are more detailed
and diverse than exisitng commonly-evaluated instructions
such as “add a hat” or “man to clown”. We also provide
tooling for 3D representation conversion and metric calcu-
lation, making the benchmark plug-and-play.

5. Experiments

We conduct both qualitative and quantitative evaluations to
assess the 3D editing capabilities of Steer3D. We show that
Steer3D outperforms competing approaches qualitatively
and quantitatively on both geometry and appearance-based
edits, while being 2.4× to 28.5× faster. Finally, we include
ablation studies and a scaling analysis that validate key de-
sign and training choices.

Baselines. We compare Steer3D with both feedforward
methods that directly edit in 3D, and pipeline methods that
leverage 2D editing.

Feedforward baselines:
• ShapeLLM-Omni [42]: An LLM that tokenizes 3D

meshes and performs text-based editing by generating
mesh tokens that decode into meshes. ShapeLLM-Omni
supports geometry-only edits (no texture).

• LL3M [28]: An agentic framework that performs 3D edit-
ing and generation via Blender script. LL3M converts the
input images into into Blender geometric primitives and
edits the blender script conditioned on the text instruction.
We compare to LL3M qualitatively as their API allows for
just 5 queries per day.

Pipelines using 2D editing:
• Edit-TRELLIS: Edit-TRELLIS edits the input image

with the text instruction using an image editing model,
Step1XEdit [27], and subsequently lifts the edited image
to 3D using TRELLIS [40], similar to our data engine.

• Tailor3D [34]: Tailor3D applies image editing on two
views of the original 3D asset – the input image and a
back view, then reconstructs the 3D asset. Since it lacks
an internal 2D editing module, we employ Step1X-Edit,
which is used in our data engine.

• DGE [6]: DGE takes in the pre-edit 3D Gaussian splats
[21], and performs multi-view image editing with In-
structPix2Pix [3] to optimize the edited Gaussian splats.

Metrics. To thoroughly assess editing quality, we evaluate
both geometry and texture. Although there can be multiple
correct answers for an editing task, our benchmark is cu-
rated to be relatively unambiguous, making alignment with
ground truth a reasonable proxy for correctness.

• Geometry: we compare the prediction to ground truth us-
ing Chamfer Distance (lower better) and F1 score (higher
better) of 10,000 points sampled on the mesh surface. F1
is evaluated with a threshold of 0.05.

• Texture: we render out front, back, left, right, up, and
down views of the prediction and ground truth assets, and
calculate the mean LPIPS [44] across six views. A lower
LPIPS means better alignment with ground truth.

Our method preserves orientation and scale, whereas Edit-
TRELLIS, LL3M, and ShapeLLM-Omni can return objects
with mismatched pose or size. To accommodate these base-
lines, we align their outputs to the ground truth using Itera-
tive Closest Point [2] before evaluation.

5.1. Qualitative Results

Fig. 5 shows qualitative predictions on EDIT3D-BENCH.
Steer3D shows consistent advantage compared to baselines
in both faithfulness to the text prompt and consistency with
the original generation (pre-edit). A key aspect of text
steerability in 3D is precise 3D localization of the desired
changes. Steer3D shows strong localization capability –
e.g., editing only the lampshade or the chair’s hollow back-
rest – while leaving other parts untouched.

Feedforward baselines – ShapeLLM and LL3M – strug-
gle to match both the input image and the edit instruction.
ShapeLLM often yields broken geometry (e.g., crab, lamp)
or reproduces the input asset while ignoring the edit. LL3M,
which operates on simplified Blender primitives, fails on
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Figure 5. (a): Qualitative comparison of our method with baselines. Steer3D shows strong advantage both in editing correctness and in
consistency with the pre-edit 3D asset. Steer3D demonstrates strong localization capability – e.g., editing only the chair’s hollow backrest,
while baselines like Edit-TRELLIS and LL3M fail by modifying the whole chair. (b): More qualitative examples of Steer3D. (c): Steer3D
is able to perform edits that are not visible in the input view, whereas Edit-TRELLIS, which relies on front-view 2D editing, fails.
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Removal Addition

Seen Assets, Unseen Edits Unseen Assets Seen Assets, Unseen Edits Unseen Assets

LPIPS (↓) Chamfer (↓) F1 (↑) LPIPS (↓) Chamfer (↓) F1 (↑) LPIPS (↓) Chamfer (↓) F1 (↑) LPIPS (↓) Chamfer (↓) F1 (↑)

Tailor3D 0.234 0.154 0.117 0.218 0.196 0.138 0.259 0.160 0.116 0.265 0.152 0.126
Edit-TRELLIS 0.192 0.133 0.189 0.169 0.218 0.144 0.227 0.196 0.179 0.236 0.171 0.183
DGE 0.219 0.235 0.093 0.168 0.262 0.080 0.229 0.245 0.063 0.227 0.234 0.077
ShapeLLM 0.221 0.147 0.181 0.203 0.210 0.128 0.265 0.162 0.158 0.265 0.180 0.152
Steer3D (Ours) 0.168 0.049 0.310 0.146 0.102 0.261 0.181 0.107 0.285 0.199 0.089 0.253

Table 1. Quantitative comparison on geometry edits: addition and removal. We evaluate LPIPS, Chamfer Distance, and F1 score both on
seen assets (unseen edits) and unseen assets. Steer3D shows strong advantage on all metrics in all settings, with 64% higher F1 score, 63%
reduction in Chamfer Distance, and 53% reduction in LPIPS.

cases like crab and cup, producing shapes inconsistent with
the image. These issues underscore the difficulty of aligning
image, text, and 3D in a single pass. In contrast, Steer3D
delivers high-quality 3D edits faithful to both the the prompt
and the unsteered (pre-edit) generation – without any inter-
mediate image editing.

2D–3D pipelines that rely on image editing often suf-
fer from inconsistencies. These inconsistencies arise be-
cause small deviations in the edited images can lead to
large variations in the reconstructed 3D assets, even beyond
the intended local edit. This is evident in the cup exam-
ple (last row), where Edit-TRELLIS reconstructs a thinner,
non-symmetric cup – a side effect of the inconsistency be-
tween the reconstructions of post-edit image vs. the orig-
inal image. In contrast, Steer3D enables editing by steer-
ing its internal diffusion representation; as a result, varia-
tions across noise samples are minor, and the edited out-
puts remain consistent with the original 3D asset. Tailor3D
exhibits degraded geometry and texture due to mismatches
between its edited front and back views. DGE, which per-
forms multiview 2D editing, suffers from analogous incon-
sistencies, producing floaters and artifacts during Gaussian
optimization.

Furthermore, due to Steer3D’s 3D nature, it is able to
apply edits that are not visible in the front view, as shown in
Fig. 5 (c). 2D-editing-based pipelines like Edit-TRELLIS
fails because the 2D editing model cannot apply such edits.
This results in hallucination (the multiple tires example), or
failure to edit (could not add a cargo door).

Steer3D can also edit 3D assets reconstructed from in-
the-wild iPhone or online photos. We provide such exam-
ples, as long as more qualitative examples on Steer3D, in
the supplementary material.

5.2. Quantitative Results

We use separate metrics for texture and geometry for a
holistic evaluation. We also perform human evaluation in
the supplementary material.
Texture. We evaluate texture editing on the texture subset
of EDIT3D-BENCH in Tab. 2. We measure both appear-
ance metrics, LPIPS, and geometry metrics, Chamfer Dis-
tance and F1 score. Since the edits are texture-based, ob-

Seen Assets, Unseen Edits Unseen Assets

LPIPS (↓) Chamfer (↓) F1 (↑) LPIPS (↓) Chamfer (↓) F1 (↑)

Tailor3D 0.246 0.134 0.158 0.266 0.173 0.114
Edit-TRELLIS 0.192 0.133 0.189 0.219 0.158 0.168
DGE 0.265 0.252 0.075 0.233 0.267 0.064
ShapeLLM 0.227 0.141 0.158 0.250 0.161 0.161
Steer3D (Ours) 0.142 0.096 0.266 0.125 0.071 0.359

Table 2. Quantitative comparison on texture edits. We evaluate
LPIPS for edit correctness, and Chamfer Distance and F1 score
for geometry consistency. We evaluate both on seen assets (unseen
edits) and unseen assets. Steer3D shows strong advantage on all
metrics in all settings, with a 113% improvement in F1 score, 55%
reduction in Chamfer Distance, and 43% reduction in LPIPS.

ject geometry should not be changed in the output, which is
captured by our geometry metrics. A predicted asset with
perfect geometry consistency should yield a Chamfer Dis-
tance of close to 0 and a F1 score of close to 1. To assess
generalization, we evaluate both on seen assets with unseen
editing instructions, as well as on unseen assets.

From Tab. 2 we observe that Steer3D shows a 43%
reduction in LPIPS compared to the second best method
(Edit-TRELLIS), demonstrating better alignment with
ground truth in appearance. Our method also obtains a
55% lower Chamfer Distance and 113% improvement in
F1 score, maintaining better geometry consistency. These
results align with the qualitative advantage seen from Fig. 5.

Geometry. For geometry edits, we evaluate on removal
and addition of object parts, each on both seen assets (un-
seen edits) and unseen assets. LPIPS alignment with ground
truth measures both consistency in texture and correctness
in geometry, since it measures the 2D per-view alignment
with ground truth. Chamfer Distance and F1 score measure
the geometry editing correctness.

As seen in Tab. 1, Steer3D shows strong performance
advantage compared to all baselines on all metrics. For re-
moval edits, we achieve a 63% reduction in Chamfer dis-
tance and a 64% higher F1 score. For addition, we achieve
a 41% reduction in Chamfer Distance and a 38% higher F1
compared to the second best method. Steer3D also obtains
lower LPIPS across all settings, demonstrating better holis-
tic alignment with the ground truth.

Inference Time. As seen in Fig. 7, Steer3D is the fastest –
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Steer3D “no edit” failure (%)

w/o DPO 18.67
w/ DPO 10.67

(a)

LPIPS (↓) Chamfer (↓) F1 (↑)

No ControlNet 0.238 0.150 0.177
No Data filtering 0.213 0.114 0.244
Current 0.1985 0.089 0.2527

(b)
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Figure 6. Ablations and scaling analysis of Steer3D. (a): DPO effectively alleviates the failure mode of “no edit” predictions. (b): Ablations
on the ControlNet architecture and data filtering. “No ControlNet” corresponds to simply adding text as another conditioning signal and
finetuning the base model. Both the ControlNet design and data filtering improve all metrics. (c): We see a steady improvement on both
LPIPS (lower better) and Chamfer Distance as the training data size increases. Reported metrics are evaluated on the unseen addition set.
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Figure 7. Inference time comparison. Steer3D is the fastest – 2.4×
to 28.5× faster than competing methods.

“Add decorative 
potted plant”

“Remove all 
orange petals”

“Change the color 
of the chair from 

black to bright red”

“Remove the gold 
chain strap from 

the handbag”

Figure 8. Limitations of Steer3D. For complex edits, Steer3D may
yield inconsistency (“add potted plant”, “remove orange petals”,
edit leaking (“change the chair red”), or partial edits (“remove gold
chain”).

2.4× to 28.5× faster than competing methods. 2D-editing-
based pipelines are slow due to rendering, invocation(s) of
2D editing models, and 3D reconstruction. For the feed-
forward baselines, LL3M is slow due to its agentic design.
ShapeLLM is slow due to mesh decoding and an additional
texturing step. The reported 11.8s for Steer3D is the to-
tal time of both stages, each running 25 steps for the flow
model, with classifier-free guidance.

5.3. Ablations and Analyses

DPO. Flow-matching supervised learning yields a conser-
vative model that sometimes predicts “no edit” results. To
combat this, we perform a second stage of training using
DPO [35] with the original 3D assets as negative examples.
Fig. 6(a) shows a 8% (absolute) reduction of this failure
mode.

ControlNet Design. The alternative architecture design to
our method is directly passing text as an additional condi-

tioning signal, and fine-tuning the full TRELLIS model, in-
stantiated as a DiT [32]. As shown in Fig. 6 (b), this al-
ternative results in much worse performance on all metrics,
validating the importance of ControlNet.
Data Filtering. Data filtering “sharpens” the distribution
around specific edit types. For example, for addition edits,
data filtering removes edit pairs with non-obvious geome-
try change (via voxel mean absolute error thresholding and
texture-keyword filtering), only keeping 41% of the origi-
nal data. Fig. 6(b) shows the effectiveness of filtering on all
metrics.
Scaling Analysis. Fig. 6(c) shows continued improvement
in model performance as we scale up training data, which
corroborates the importance of our data engine.
Limitations. When the editing instructions are complex,
Steer3D exhibits limitations of inconsistency on unedited
parts, edit leaking, and partial edits. Fig. 8 shows some
examples.

6. Conclusions
We present Steer3D, a method that enables feedforward 3D
editing by adding text steering capability to image-to-3D
generative models. Steer3D uses an architecture inspired by
ControlNet to enable direct text steering via a forward pass.
Steer3D works on general objects with complex editing
prompts. Compared to existing methods, Steer3D demon-
strates better instruction following and improved consis-
tency with original 3D assets, while being 2.4× to 28.5×
faster. Beyond unlocking a new capability, Steer3D also an-
swers a more general research question: given a pretrained
generative model, is it possible to add steering capability via
another modality (e.g., text)? In the case of 3D generation,
Steer3D shows that this is possible with just less than 100k
data. We hope that by sharing our recipe, we can inspire
similar explorations in other domains. Steer3D is a general
framework that can keep improving with better base mod-
els and data generation techniques. We show a scalable path
towards general 3D editing and cross-modality steering for
generative models.
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Feedforward 3D Editing via Text-Steerable Image-to-3D

Supplementary Material

A. Additional Qualitative Examples of Steer3D
We show additional qualitative examples both on our bench-
mark and “in the wild” – from objects in iPhone or on-
line photos, or AI-generated images. Fig. 10 and Fig. 11
show additional examples on our benchmark in 4 views, and
Fig. 12 shows examples on “in-the-wild” objects based on
iPhone or online photos, or an AI-generated image. “In-
the-wild” evaluation is challenging: Steer3D is only trained
on synthetic data based on Objaverse [8] assets, and recon-
structed real-world objects are out of distribution. Even in
this challenging setting, Steer3D is able to perform edits
correctly and preserve consistency with the original asset.

B. Additional Examples of EDIT3D-BENCH

We provide additional examples of EDIT3D-BENCH in
Fig. 13 to show that EDIT3D-BENCH is diverse and rep-
resentative of edits that a normal user would apply to gen-
erated 3D assets.

C. Human Evaluation
We conduct an additional double-blind experiment on
EDIT3D-BENCH between Steer3D and the strongest com-
peting method, Edit-TRELLIS, and show results in Tab. 3.
Steer3D wins over Edit-TRELLIS with an over 2 : 1 win
rate. The experiment UI is shown in Fig. 14. The top row
shows the pre-edit 3D asset rendered in 4 views. The editing
instruction is shown at the bottom. The middle and bottom
rows are two blinded methods in randomized order per ex-
ample – i.e., no method is consistently shown on top or be-
low. The user is instructed to evaluate whether the edited as-
set not only follows the text instruction but also keeps con-
sistent with the original asset, in shape, appearance (mod-
ulo the edit), size, and orientation. The annotators are en-
couraged to use the “tie” option sparingly – less than 2%
from the experiment result. When calculating win rates, we
do not include tied comparisons. Three annotators conduct
the experiment independently, and we report the average of
their preference results.

D. Additional Training Details and Analyses
Section 5.3 of the main paper provides key ablations and
scaling analyses. We provide additional analyses in this sec-
tion.
Additional Scaling Analyses. We further show the scaling
behavior on texture in Fig. 9, evaluated by average LPIPS
from renderings of the prediction vs. ground truth on un-
seen assets, as detailed in main paper Section 5. Similar

to the scaling trends on the geometry metrics shown in the
main paper (Section 5.3), we observe a steady decrease of
LPIPS as the training data scales up, which further corrobo-
rates the importance of our scalable data engine and training
recipe.

4000 8000 16000 32000
Data Scale (log scale)

0.128

0.136

0.144

LP
IP

S
Figure 9. Scaling analysis on texture edits, evaluated on unseen
assets. As the training size grows, LPIPS decreases steadily, show-
ing the importance of scaling up. The x axis is plotted on log scale.

Classifier-Free Guidance. In our experiments, we notice
that when the dataset size is small, Classifier-Free Guid-
ance [16] can have a negative effect, whereas it helps at
large scale. One possible explanation for this observation
is that CFG requires a strong-enough conditional model,
which only emerges when the training scale is large enough.

Additional Training Details. Section 3.3 of the main pa-
per briefly discusses training details. We list additional hy-
perparameters in Tab. 5. We use bfloat16 during training to
improve speed, and use gradient checkpointing for stage 2
and DPO training to save memory. Feature normalization
is applied to the per-voxel latents during training, as in the
original TRELLIS [40] paper.

Furthermore, because our data engine leverages Hun-
yuan [45] whereas our base model uses TRELLIS [40],
sometimes the base model prediction might have orientation
or size differences from the edited version. Naive Control-
Net training puts the additional burden of aligning orienta-
tion or size to the control branch, which makes the super-
vision signal of text-to-3D mapping less clear. To combat
this, we first perform supervised finetuning of TRELLIS on
Hunyuan outputs for the image-to-3D task, so that the base
model prediction and the edited “ground truth” is generally
aligned (in size and orientation), except for the edit.
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Win Rate (%) Removal Addition Texture Total

Seen Assets, Unseen Edits Unseen Assets Seen Assets, Unseen Edits Unseen Assets Seen Assets, Unseen Edits Unseen Assets

Edit-TRELLIS 44.0 24.0 37.3 48.0 33.3 25.3 32.9
Steer3D 56.0 76.0 62.7 52.0 66.7 74.7 67.1

Table 3. Human preference results (win rate) of Edit-TRELLIS vs. Steer3D, ranked by 3 independent annotators. Steer3D wins more than
2 : 1 compared to Edit-TRELLIS.

Chamfer Distance (↓) 8k-Scale 13k-Scale

without CFG 0.1206 0.1065
with CFG 0.1423 0.1021

Table 4. The effect of CFG at small vs. large data regime. We
evaluate the effect of CFG with varying sizes of training data. CFG
hurts performance when the training set is small (8k-scale), but
improves performance when the training set is large (13k-scale).
The reported metrics are from the unseen-removal set.

Stage 1 Stage 2 DPO (texture model)

Effective batch size 12 48 12
Gradient accumulation step 2 1 2
Learning rate (AdamW) 2e-5 5e-5 1e-6
Training precision bfloat16 bfloat16 bfloat16
Timestep sampling
(LogitNormal, mean;std) 1.0;1.8 1.0;1.0 1.0;1.0
Gradient checkpointing No Yes Yes
CFG-puncond 0.0 0.2 0.0
DPO-β - - 0.2
DPO-supervised loss weight (α) - - 1.0

Table 5. Additional training hyperparameters.

E. Additional Data Engine Details

We provide additional details about the data engine. As
mentioned in Section 3.2, we use a two-stage filter to im-
prove data quality.

LLM-Based Filtering of Editing Correctness. We use
LLM-based filtering to ensure that the editing is performed
correctly. Directly asking a VLM whether the edit is carried
out correctly results in hallucinations. We hypothesis that
this is because distinguishing localized edits requires fine-
grained visual perception capabilities, which current VLMs
struggle with.

To address this challenge, we use two LLMs collabo-
ratively. As shown in Fig. 15, one LLM is instructed to
list the differences between two renderings of the object
from the same camera angle, without knowing the editing
instruction. Another LLM, without seeing the images, com-
pares whether the difference description generated by the
first LLM aligns exactly with the editing instruction. This
method effectively reduces hallucination and improves fil-
tering effectiveness, thus ensuring better data quality.

2D Perceptual Similarity for Consistency. We want
the edited object to not only follow the text instruction

correctly, but also keep consistent with the original object
(modulo the edit). This means that we do not want big fluc-
tuations in size, shape, geometry, or orientation. To achieve
this, we employ a 2D perceptual similarity metric, Dream-
Sim [11]. Fig. 16 shows some examples that pass or fail
the perceptual check. We note that these metrics cannot
be used as the sole determinator of editing consistency – a
“no edit” would yield a perfect consistency distance of 0,
despite being incorrect. However, given that the examples
already pass through the LLM-based checking described in
the previous paragraph, we know the editing has been car-
ried out correctly, and thus perceptual distance can be used
here as a proxy for consistency.

F. Author Contributions
ZM conceived the project and developed the model and
training recipe. HC implemented and developed the data
engine and benchmark.
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Pre-Edit (3D) Steer3D OutputInstruction
View 1 View 2 View 3 View 4

Add a small 
backpack

Remove the 
gray ribbon 

from the hat

Add a shingled 
roof over the 
wooden frame

Add a wooden 
lid on top of 
the barrel

Change the 
color of the 
trench coat 
from gray to 

bright red

Remove the 
green elements 
along the upper 

edge

Make the 
texture of the 
teapot rough 

and rustic

Add short hair 
on top of the 

head

Remove the 
string from 

the crossbow

Figure 10. Additional qualitative examples on EDIT3D-BENCH. Pre-Edit (3D) shows the base image-to-3D model generation that we
want to steer. Steer3D output is shown in 4 views.
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Remove one 
leg from the 

bench

Pre-Edit (3D) Steer3D OutputInstruction
View 1 View 2 View 3 View 4

Replace the 
metallic color 
with a vivid 

gradient blue-
purple finish for a 
modern aesthetic

Replace the flat 
disc surface with 
a textured carbon 

fiber pattern

Remove the 
shoes

Make the finish 
of the armrests 

a polished 
chrome 
metallic

Add a rear 
cargo door the 
the back of the 

van

Apply a wood 
grain texture 
to the basket 
to simulate a 
woven basket 
appearance

Remove the 
top flap from 
the front of 

the box

Add decorative 
potted plant on 

top

Figure 11. Additional qualitative examples on EDIT3D-BENCH. Pre-Edit (3D) shows the base image-to-3D model generation that we
want to steer. Steer3D output is shown in 4 views.
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Image-to-3D 
(base model)

Steer3D OutputInstruction
View 1 View 2 View 3 View 4

In-the-Wild Image

Add a red 
flower on top 
of the plant

Make the cap 
of the bottle 

metallic

Remove the 
cap

Change the 
color of the 

pot into deep 
brown

Remove the 
whole 

backrest

Make the 
chair legs 

dark wooden

Remove the 
wing of the 

dragon

Replace the 
horns with 
neon green 

horns

Change the 
boy’s jacket 

to red

Remove the 
cat ears from 

the boy

iPhone photo

iPhone photo

iPhone photo

internet photo

AI-generated

Figure 12. Additional qualitative examples on challenging in-the-wild objects, captured by iPhone photos, online photo, or AI-generated
image. Image-to-3D shows the original base model output based on the input image. Steer3D output is shown in 4 views. We show
best-of-3 output for in-the-wild evaluation.
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Source
(pre-edit 3D)

Target
(ground truth)

Instruction Source
(pre-edit 3D)

Target
(ground truth)

Instruction

Change the color 
of the bread rolls 

from golden-
brown to a deep 
chocolate brown

Change the pattern 
of the cushioned 
seat from solid 
yellow to a blue 

and white 
checkered pattern

Make the texture 
of the window 

frame appear like 
natural wood grain

Change the color 
of the tan leather 
zipper border and 
strap from tan to 

bright red

Replace the metal 
rim with a 

polished gold rim

Change the pattern 
of the cushioned 
seat from solid 
yellow to a blue 

and white 
checkered pattern

Replace the 
neckline with a 

deep V-neck style

Add a glowing 
sword held in the 

right hand

Add lumbar 
support cushion to 

the lower back 
area of the 
backrest

Add a wrist guard 
on the left arm

Remove the 
whiskers from the 

cat

Remove the beige 
armrests and keep 

only the brown 
seat and backrest

Remove antlers 
from the head

Remove green 
leaves from the 

plant

Figure 13. We provide additional examples from EDIT3D-BENCH, which shows that EDIT3D-BENCH is diverse.
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Figure 14. User interface for human evaluation. The top row shows the pre-edit 3D asset rendered in 4 views. The middle and bottom rows
are two blinded methods in randomized order per example. The user presses “A” for method A, “B” for method B, or “T for a tie.
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Stage 1
Prompt: Find the differences between these two images. What is expected is that a part in the first 

image is removed to create the second image.

LLM: The difference between the two 
images is that the lid on top of the 
teapot in the first image is removed in 
the second image. The second image 
shows the teapot without the lid, 
revealing the open top.

LLM: The difference between the 
two images is that the character's 
hair is removed in the second image. 
In the first image, the character has 
black hair, while in the second image, 
the character is bald.

Prompt: Assuming the first image is the starting point, does the list below contain changes that 
fulfill the instruction?

Stage 2

The difference between the two images is 
that the lid on top of the teapot in the first 
image is removed in the second image. The 
second image shows the teapot without the 
lid, revealing the open top.
Edit Instruction: Remove the finial on the lid.

The difference between the two images is 
that the character's hair is removed in the 
second image. In the first image, the 
character has black hair, while in the 
second image, the character is bald. 
Edit Instruction: Remove hair from head.

LLM: The instruction specifically requires 
the finial on the lid to be removed, not the 
entire lid itself. The described difference is 
that the entire lid is removed, revealing the 
open top of the teapot. This goes beyond 
just removing the finial and instead removes 
the whole lid. Therefore, the change does 
not fulfill the instruction as stated.

LLM: The instruction "Remove hair from 
head" specifically requires the hair to be 
taken off. The difference described 
states that the character's black hair is 
removed in the second image, making the 
character bald. This directly fulfills the 
instruction.

Image 1 Image 2 Image 1 Image 2

Figure 15. LLM-based filter to filter out image editing errors. One LLM, without knowing the editing instruction, is asked to list the
differences between two renderings of the object from the same camera angle. Another LLM compares whether the difference matches
exactly with the edit instruction. Objects that fail this check are rejected.
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Input (2D) View 1 of Generated 3D Perceptual Distance

0.22

0.04

0.08

0.13

0.22

Figure 16. 2D perceptual similarity (DreamSim) score to filter out reconstruction inconsistency. Consistent objects yield a low distance,
and inconsistent objects yield a high distance.
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