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Abstract

Text driven diffusion models have shown remarkable ca-
pabilities in editing images. However, when editing 3D
scenes, existing works mostly rely on training a NeRF for
3D editing. Recent NeRF editing methods leverages edit
operations by deploying 2D diffusion models and project
these edits into 3D space. They require strong positional
priors alongside text prompt to identify the edit location.
These methods are operational on small 3D scenes and
are more generalized to particular scene. They require
training for each specific edit and cannot be exploited in
real-time edits. To address these limitations, we propose a
novel method, FreeEdit, to make edits in training free man-
ner using mesh representations as a substitute for NeRF.
Training-free methods are now a possibility because of the
advances in foundation model’s space. We leverage these
models to bring a training-free alternative and introduce
solutions for insertion, replacement and deletion. We con-
sider insertion, replacement and deletion as basic blocks
for performing intricate edits with certain combinations of
these operations. Given a text prompt and a 3D scene, our
model is capable of identifying what object should be in-
serted/replaced or deleted and location where edit should
be performed. We also introduce a novel algorithm as
part of FreeEdit to find the optimal location on ground-
ing object for placement. We evaluate our model by com-
paring it with baseline models on a wide range of scenes
using quantitative and qualitative metrics and showcase
the merits of our method with respect to others. Project
page: https://vivekmadhavaram.github.io/
FreeEdit_page/

1. Introduction
Existing 3D editing approaches [15, 34, 43] rely heav-

ily on computationally expensive, trained-based methods.

Advancements in foundation models have opened up new

possibilities for training-free approaches in various 3D un-

derstanding tasks [14, 16, 40]. Despite these developments,

Figure 1. Illustration of FreeEdit for inserting and replacing
objects in a complex 3D scene: Queries in blue and orange illus-

trate the insertion and replacement prompts provided as input by

the user, respectively.

the task of scene editing has yet to fully leverage such ad-

vancements. Existing 3D editing approaches predominantly

rely on training-based methods that require training a Neu-

ral Radiance Field (NeRF) for each new edit and scene.

The ability to edit large-scale three-dimensional (3D) en-

vironments has emerged as a pivotal area recently, driven

by applications across Virtual Reality (VR) [12, 36], Aug-

mented Reality (AR) [11, 26], interior designing [9, 21]

among others [23, 27]. The ability to dynamically modify

and enhance 3D scenes in real time is crucial for creating

immersive experiences and personalizing spaces to individ-

ual preferences.

Most of the existing [15, 34, 43] methods that focus on

editing 3D scenes predominantly focus on object-centric

modifications or broad scene-level changes such as am-

biance adjustments, often neglecting the nuanced require-

ments of detailed, fine-grained editing. Specifically, the in-

sertion/replacement of objects within complex, multi-object

3D scenes remains inadequately supported. Moreover,

these approaches typically require retraining for each new

edit, which is both time-consuming and resource-intensive,

making them ill-suited for quick or multiple iterative edits.

To address these challenges, we present FreeEdit1, a

training free approach for 3D scene editing. Our work pri-

1The name is inspired by the training-free nature of our approach.

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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marily focuses on text-guided scene manipulation tasks, in-

cluding insertion, replacement, and deletion. These funda-

mental operations serve as building blocks for a wide range

of 3D editing tasks. Our main goal is to provide an effi-

cient alternative to expensive training-based methods, lever-

aging the recent improvements in foundation models to en-

able near real-time edits within complex scenes comprising

numerous objects.

FreeEdit operates solely based on text instructions and

utilizes mesh representations, enabling efficient editing of

room-sized 3D scenes. While NeRF-based representations

excel in realistic rendering, our primary focus is on effi-

ciency while maintaining acceptable quality, particularly

when editing scenes with multiple objects where NeRF’s

complexity and need for retraining become bottlenecks.

Unlike most NeRF-based editing methods that focus on

single-object or small-scale scenes, we target large-scale,

room-sized 3D scenes.

Inspired by training-free approaches for various scene

understanding tasks [14, 16, 40], FreeEdit employs a mod-

ular approach for inserting and replacing objects in large-

scale 3D scenes (as shown in Figure 1). It supports iterative

and real-time edits while eliminating the need for explicit

location supervision when inserting objects, instead infer-

ring locations based on user-provided textual instructions.

By integrating open-vocabulary segmentation and 3D dif-

fusion models, FreeEdit broadens the range of recognizable

and insertable objects in any given scene, offering a ver-

satile solution for 3D scene editing even when specific 3D

assets are unavailable.

Our contributions: To the best of our knowledge, we are

the first to introduce a training-free approach for 3D scene

editing. i) We present a framework that enables text-driven

object insertion, replacement and deletion in 3D scenes

without the prerequisite of training. ii) Our framework is

specifically designed to handle large-scale 3D scenes with

multiple objects, offering unprecedented flexibility and ef-

ficiency in scene customization without the need for po-

sitional priors. iii) We introduce an algorithm as part of

FreeEdit to find the optimal location to place the primary

object in a scene with minimal intersection. iv) While

FreeEdit is primarily designed for inserting and replacing

objects in 3D scenes, by the nature of its design, it also sup-

ports interactive object translation, rotation, iterative inser-

tion and object deletion.

It’s important to note that while FreeEdit represents a

step towards a more versatile, training-free 3D scene edit-

ing, its current implementation focuses on a specific set of

object-level manipulations. We acknowledge that this ap-

proach may not encompass all possible types of edits. How-

ever, by efficient solutions for insertion, replacement, dele-

tion, translation and rotation, FreeEdit lays a foundation for

developments in training-free 3D editing techniques.

2. Related work
Text-driven Editing in 2D Text-driven editing methods

gained attention due to editing objects/scenes based on

text prompts, thereby reducing manual labor. Recent ad-

vancements in diffusion models have notably improved the

photo-realism and diversity of generated content, prompting

researchers to explore their applications. InstructPix2Pix

[3] exploits cross-attention layers mentioned in Prompt-to-

Prompt [16], which trains models using paired images of

before/after edits. In contrast, MasaCtrl [4] introduces mu-

tual self-attention in diffusion models. Imagic [20] and Ob-

jectStitch [35] make complex semantic edits such as posture

or compositional editing of multiple objects. GLIDE [29]

edits images in a photorealistic manner using classifier-free

guidance in masked portions. DiffEdit [7] generates im-

plicit masks from text instruction.

3D Scene Editing: Despite advancements in text-driven

editing in 2D scenes, few methods have extended this to

3D environments using NeRF-based rendering due to lim-

ited training data. They can be divided into three categories.

i) Prior guided, ii) Geometry/Texture editing and iii) Text

guided insertion.

Prior Guided: Some scene editing techniques necessitate

human supervision for precise region identification. SKED

[28] utilizes human sketches from multiple viewpoints to lo-

calize edit regions. Set-the-Scene [6] adopts a proxy scene

layout to perform local and global iterative edits, ensuring

scene coherence. InseRF [34] inserts objects in the scene

using a bounding box. While effective, these methods re-

quire human intervention, limiting their scalability and au-

tomation potential.

Geometry/Texture Editing: Contrary to earlier methods,

few works try to edit the scene without any prior guidance.

DreamEditor [43] represents scenes as mesh-based neural

fields and makes edits using text-to-image diffusion models

in the edit region identified by the text encoder. RePaint-

NeRF [42] semantically selects target objects and leverages

a pre-trained diffusion model to guide NeRF models in edit-

ing 3D objects. ViCA-NeRF [10], Instruct 3D-to-3D [19]

and SINE [2] make edits to the scene through multi-view

consistent 3D texture editing using [3]. These methods are

capable of changing the geometry and texture of existing

objects but cannot insert new object into the scene.

Text-guided Object Insertion: The above methods are

restricted to geometry/textural editing but cannot in-

sert/replace things in scene. Instruct-NeRF2NeRF [15] ad-

dresses this by iterative editing a set of images to perform a

single edit. Vox-E [33] learns a grid-based volumetric rep-

resentation of images captured from 3D objects for making

edits in 3D space. FusedRF [13] performs objects and scene

compositing using single RF through distillation. Control-

NeRF [22] edits and manipulates scene by inserting objects

across different scenes or multiplying objects within same
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scene. For every edit, it needs re-training, which takes am-

ple time, making them unfit for real-time edits.

There are quite a few fast variants of NeRF that primar-

ily are confined to scene reconstruction but not to scene

edits. Also, they fail to process complex prompts that in-

volve open vocabulary because they do not have semantic

and global information about scene and depend on image

edits. NeRF models face difficulty in converging the diverse

edits from image to image based on complexity of natural

prompt. Moreover, the main goal of this work is to present

a training-free alternative for scene editing.

3. Method
This section presents our proposed text-guided 3D ob-

ject insertion and replacement method. FreeEdit takes a 3D

scene and a text prompt as inputs specifying which object

should be inserted/replaced in a scene. Input text is pro-

cessed for task categorization and entity extraction. Entity

extraction carried out on text helps in object generation and

finding the best suitable location in the scene. We apply

transformations on the generated object for placement. As

a result, our method produces a union of 3D scene mesh and

a 3D object placed in the scene based on the text prompt.

The overview of our proposed method for object inser-

tion is shown in Fig. 2. The method includes six major

steps: i) Task classification and entity extraction from a

given prompt using LLM, explained in Section 3.2, ii) Text-

conditioned 3D mesh synthesis of a primary object (Sec-

tion 3.3), iii) Extracting the grounding object from the 3D

scene (Section 3.4), iv) Scaling the primary object with re-

spect to the grounding object (Section 3.5), v) Identifying

the optimal location where the object has to be placed in

Section 3.6, and vi) Refine the placement of primary object

at the identified location in Section 3.7. Similarly, last sec-

tion (Section 3.8) explains the process of replacing objects.

3.1. Preliminaries

Diffusion Models Diffusion models [17] are the proba-

bilistic models that gradually learn to generate data similar

to the training data. They destroy training data slowly by

adding noise during forward pass. In the reverse pass, they

predict and remove the noise added between two consecu-

tive steps during forward pass to generate the data. Once the

model learns the denoising step, it can generate data from

Gaussian noise in such a way that the generated output re-

sembles data from the distribution on which it was trained.

Latent Diffusion Latent Diffusion [32] is a two-step pro-

cess where initially, the encoder and decoder are trained to

produce latent codes from data Z = E(x) and reconstruct

data from these latent codes x̃ = D(Z). Next, a diffusion

model is trained to denoise latent representations for gener-

ating data, resulting in low computational costs with latent

1) Place a flower vase on the 
table
2)Replace the table with stool.

Figure 2. FreeEdit: Object insertion in a 3D scene. Given a text

prompt, LLM classifies the task and extracts primary and ground-

ing entities. Object synthesis for primary object is done by Shap-E.

OpenMask3D does object grounding. Scaling of primary object is

performed. Location finder computes an optimal location to place

primary object on grounding object. Scaling and location finder

(in blue) are not pre-trained models and run on the fly.

codes capturing the important details of data.

Signed Distance Function (SDF) Signed Distance Func-

tion (SDF) is a mathematical function that represents the

shape of a 3D mesh. It maps the coordinates of a point to

a scalar value f(x) = D which is the orthogonal distance

from the point x to the nearest point on the surface of the

mesh. The sign of D determines the interiority of the point

with respect to the surface boundary, negative sign for in-

side points, positive for points outside the mesh and 0 for

points on the surface. Algorithms like Marching cubes [25]

can be employed to construct the surface from SDF.

3.2. Task Classification and Entity Extraction

This section explains “What” needs to be inserted in a

3D scene and “Where”. To do this, we leverage GPT-4 [1],

a Large Language Model (LLM) to categorize the task into

Insertion/Replacement or Deletion. For insertions, the LLM

identifies primary (”what”) and grounding (”where”) ob-

jects from the prompt. In replacement, it determines which

object to replace and its substitute. LLMs excel at interpret-

ing natural language prompts with open vocabularies, mak-

ing them invaluable for providing accurate answers and rel-

evant suggestions. GPT-4 can process complex paragraphs

by breaking them into manageable tasks, categorizing them,

and extracting necessary entities. It offers context-specific

recommendations, such as suggesting appropriate dishes for

a kitchen or suitable decorative items for a living room.

Moreover, LLMs understand practical considerations, like

plants requiring sunlight, and provide advice accordingly
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(see Fig. 5, row 2). Examples of prompts are available in

the Supplementary materials.

3.3. Object Synthesis

After identifying the primary object in the text prompt

as in Section 3.2, it is used to generate a 3D object which

should be placed in a scene. We use a pre-trained model

for text to 3D generation mentioned in [18]. Shap-E is a

transformer-based generative model built on [30] that pro-

duces a 3D mesh, conditioned on text or an image using

latent diffusion. The role of this generative model is to

synthesize any object as per requirement with modernized

traits. It do not restrict the primary object to set of objects

that can be retrieved from repository. This helps in design-

ing primary object with diversified features whereas in ob-

ject retrieval, it is limited to predefined object categories.

3.4. Object Grounding

Unlike previous methods, our method reduces the user

interaction by eliminating process of creating bounding box

or masks (process of explicitly mentioning the grounding

object). Instead, from the given scene, we extract this ob-

ject using an open vocabulary grounding mechanism. Open

vocabulary object grounding provides a flexibility of local-

izing objects without restricting to predefined set of object

classes and can be deployed for unseen objects. This pro-

cess is good at compiling natural languages enhancing hu-

man communication. We use a pre-trained open vocabu-

lary 3D instance segmentation model to ground the surface

object in a 3D scene. OpenMask3D [38] computes feature

representation of 3D objects aggregating CLIP [31] features

from multi-view images and retrieves objects having high

similarity with query features. The name of the grounding

object obtained in Section 3.2 is embedded using CLIP. The

mesh of object whose representation is similar to query em-

bedding is retrieved.

3.5. Scaling: Primary vs Grounding Object

The primary object is generated in a different coordinate

space, and the scene is in another space. As a result, the pri-

mary object is independent of the scene and has to be scaled

accordingly to orient perfectly in the given scene. To solve

this, we consider 2D latent diffusion. [32] generates images

based on text using cross-attention layers in diffusion mod-

els. We generate a few images based on the text prompt

using 2D diffusion, and these images are passed to [24].

Grounding DINO is a text guided transformer-based open-

set object detector that detects the objects in the input im-

age. We consider a set of images containing both objects so

that we get the scale of one object with respect to the other.

Bounding boxes (bb) of both objects are predicted in each

image and the dimensions are extracted. We consider width

primarily to compute the scale as width plays a major role

Grounded object Normal Extraction Vertex Clustering Convolution operation Location

Figure 3. From grounded object on the left, vertices having nor-

mals parallel to the positive Z-axis are filtered. They are clustered

based on density, visualized as red dots and a voxel grid is cre-

ated. Convolution operation is performed on this voxel grid which

finally gives the optimal location pointed with red dot.

in determining the space needed for placing. Scale (S) is

the ratio of the width of bb of the primary object (Wp) to

the width of bb of the grounding object (Wg).

S =
Wp

Wg
(1)

Out of all the computed scales from generated images,

we consider the minimum value and use it for scaling the

primary object in a 3D scene as the results look realistic.

Our model doesn’t perform practical edits if the scale is of

larger value. For more details, please refer supplementary.

3.6. Location Finder

To minimize user interaction, we propose a technique to

obtain a location where the object should be placed with-

out user intervention. For this, we first extract the vertex

normals of the grounding object retrieved from Section 3.4.

Please note that the our focus is only on surfaces that are

parallel to the ground. We filter the vertices whose vertex

normals are orthogonal to the ground, pointing towards the

roof as shown in Fig. 3. Other vertices are omitted which

eliminates the regions that are unfit for placing the objects

leaving cavities on the surface. Filtered vertices are clus-

tered using density-based clustering (DBSCAN). As a re-

sult, the vertices having nearly the same Z values are clus-

tered together. Width of scaled primary object is divided

into n voxels each of size s. Similarly, the each cluster

of the grounding object containing filtered vertices is vox-

elized, each voxel having size s. This forms a grid with M
rows and N columns on the surface of the grounding ob-

ject. The value in each empty cell is filled with ‘0’ and cells

containing at least one vertex are marked with ‘1’.

A filter of size n × n is created and slithered over the

grid. Convolution operation is performed on the grid, and

average pooling is applied. The output of this operation is

‘1’ if the average value exceeds the threshold; else, the out-

put is ‘0’ as shown in Fig. 4. Next, the filter is shifted by one

cell till the entire grid is covered, and for each shift, simi-

lar operation is performed. The size of the resultant grid is

(M−n+1)×(N−n+1) where M and N are the rows and

columns of the voxel grid from previous level, respectively.

This process will continue until there is no ‘1’ in the output
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Figure 4. Level-0 voxel grid of size 6× 6. ‘1’ represents presence

of at least one vertex. Filter of size 3×3 is slithered over level-0 to

get level-1 with value ‘1’ if a threshold condition is met, else ‘0’.

Similarly, level-2 is computed from level-1 for the final output.

grid or size of output grid is less than the filter size (after

multiple levels). The value ‘1’ in the output grid specifies

the location containing vertices. This process enables us to

find locations where there is a feasibility to place primary

object and out of all the viable locations, optimal location

is selected that minimizes the intersection with prior objects

in scene. Finding the best placement among all possible re-

sults is a non-trivial problem, considering the text prompt

might not always have detailed instructions, multiple posi-

tions of placement might be correct. Keeping this in mind,

we have developed our method in such a way that it finds

the best spot by avoiding mesh intersections and preferring

surfaces with fewer collisions among multiple options. As

we repeat the process over multiple levels, the grounding

surface is examined at multiple scales (obtaining global in-

formation) to locate the finest position, far from prior ob-

jects. Index of valid voxel from final grid is extracted and

coordinates of prime location are calculated using

(x, y) = (x0 + (xid + levels− 0.5) ∗ width
y0 + (yid + levels− 0.5) ∗ width) (2)

where x0/y0 are the minimum values along x/y-axis in

cluster, xid/yid are the indices of voxel along x/y axis in fi-

nal grid, levels is number of levels in hierarchy and width
is voxel size. Neighboring vertices are considered to com-

pute the Z coordinate. Experiments with different threshold

values and different filter sizes are mentioned in Supple-

mentary.

3.7. Refinement

Refinement is required to determine the best orientation

of the primary object to be placed on the grounding object

with minimal intersection. The base centroid of the primary

object is calculated. Using this centroid, the object is trans-

lated to the location identified in Section 3.6. Now the ob-

ject is rotated by certain angles at equal intervals and angle

with least penetration percent (Eq.3) is considered to rotate

the object. With this, the primary object is transformed to

the desired location, and both meshes are merged.

3.8. Replacement

Our proposed method can also replace objects in a given

scene mentioned through a text prompt. Given prompt is

processed by LLM as mentioned in Section 3.2 to identify

the existing object and replacing object. If a single object

is mentioned in the text prompt, a similar object will re-

place the existing object. There is also a provision to in-

put 3D mesh of replacing objects instead of generating new.

The grounding object is extracted using [38], and its dimen-

sions are recorded. This grounded object is deleted from the

scene and cavities are inpainted as mentioned in 4.2. The

replacing object is scaled according to the dimension of the

grounding object so that it fits exactly in the place of the

grounding object. After scaling, this mesh is transformed to

the location of the grounded object and fused with the scene

mesh. Detailed process is described in supplementary.

4. Experiments
In this section, we discuss the details of the datasets. We

mention the baseline to compare our proposed method, the

metrics used and both qualitative and quantitative results in

Section 4.1. These evaluations are mainly to find the pres-

ence of intersections between primary and other objects lo-

cated on grounding objects in a scene. Moreover, we pro-

vide functionalities that can be used to refine the results in

Section 4.2.

Datasets We use ScanNet [8] and Replica [37] datasets for

our experiments. ScanNet is a real-world dataset contain-

ing 1500+ indoor scenes with rich annotations. It has 1201
training scenes and 312 validation scenes and a few hidden

test scenes. We consider 20 scenes randomly from the val-

idation set that comprises different objects such as tables,

chairs, couches, etc. Replica is synthetic dataset contain-

ing 18 high-resolution indoor scenes, each having semantic-

level segmentation information. We consider 8 scenes men-

tioned in [38] for our experiments. Since, FreeEdit works

on both synthetic and real-world datasets, we are sure that

this can be applied to any type of dataset.

4.1. Results

We demonstrate the results of our method against the

baseline methods. We consider two baselines for our main

results. i) Instruct-NeRF2NeRF [15] is a recent text-guided

3D scene editing method. It uses an image-conditioned dif-

fusion model to iteratively edit the images while optimizing

the underlying scene. ii) We propose another baseline sim-

ilar to FreeEdit. It is based on pre-trained models used in

our pipeline, followed by scaling of the primary object. We

do not consider location finder algorithm as it is our pro-

posed algorithm. Instead, we place the object by default at

the center of the grounding object in baseline. Other steps

are similar to FreeEdit as discussed in Section 3.
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My living room 
has stool. 
When the 

power goes 
off, I need to 

light candles. 
Can I place 

candle on it? 

Task: Insertion 
Primary object:  

Candle  
Grounding 

object: Stool 

There is some 
sunlight at the 
chair but not 

at all on table. 
which object 
is suitable for 
placing plant? 

Task: Insertion 
Primary object:  

Plant  
Grounding 

object: Chair 

I would like to 
see placing a 

cup of 
romanian 

style on the 
table. 

Task: Insertion 
Primary object:  

Romanian  
style cup 

Grounding obje
ct:  

table 

I have a coffee 
table in my 
living room. 

What 
centrepiece 

would 
enhance its 

look? 

Task: Insertion 
Primary object: 
Beautiful vase 

with fresh 
Flowers 

Grounding 
object: 

Coffee table 

Can you set 
up a stack of 
fresh, white 

towels neatly 
on the couch? 

Task: Insertion 
Primary object:  
Stack of fresh, 
white towels 

Grounding 
object: Couch 

Prompt LLM 
Output Initial Scene Instruct-

NeRF2NeRF Traditional Ours 

Figure 5. Insertion. (a) The input prompt, (b) Response from LLM, (c) The input scene, (d) Output from Instruct-NeRF2NeRF, (e) Results

of our traditional baseline, (f) Output of FreeEdit.

“Replace the chair by  
positioning a cabinet there,  

providing additional storage and 
enhancing the room's overall  

functionality.” 
 

“In the rustic-themed living  
room, swap the table with a  

wooden crate to add a touch of 
vintage charm and practicality  

to the space.” 
 

“Replace the stool in corner  
With the one that can also  

serve sitting purpose” 

 

(a) Prompt (b) Input Scene (c) Result 

Figure 6. Replacement. (a) The input prompt, (b) Input scene

before replacement, (c) Scene after replacement using FreeEdit.

Qualitative Results Our qualitative results for object in-

sertion are shown in Figure 5. We consider five samples

of scenes and text prompts. We show scenes after editing

by our proposed FreeEdit, Instruct-Nerf2Nerf and our tradi-

tional baseline where primary object is inserted on ground-

ing object in each example. We can clearly observe that

our method inserts the object at the best-suited location

without any intersection with other objects, while the tra-

ditional baseline fails to avoid intersections. On the other

hand, Instruct-NeRF2NeRF attempts to insert a new object

in the scene, leading to global changes (rows 1,2,3) in the

scene and modifying existing objects instead of inserting a

new object(row 5). We can see the change in texture, color,

etc. in Fig. 5 (d). This is because Instruct-NeRF2NeRF

performs editing in 2D images and placing things without

strong semantics leads to diverse edits in images. These

edits may include variations in primary object or differ-

ent placing locations and Instruct-NeRF2NeRF fails at con-

verging these edits resulting in global edits. From Figure

5, please note (especially in examples 1,3,4) that, compared

to other methods, FreeEdit outperforms the insertion job by

avoiding intersections with prior objects and ignoring the

uneven surface, which is not suitable for placing object.

Subsequently, we show our qualitative results for object re-

placement in Figure 6. We can see that when a single object
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Refinement FreeEdit Traditional

No 4.40% 8.21%

Yes 3.84% 7.45%

Table 1. Penetration percent. Bold represents the best result.

is mentioned in the text prompt (last row), a similar object

will replace the existing object otherwise primary object re-

places the grounding object. Our results indicate that our

method smoothly replaces the existing object without dis-

crepancies, intersections and distortions in the scene. For

more examples, refer supplementary.

User Study Evaluation Next, we evaluate our results by

conducting a small user study with 35 participants having

research background with age in between the range of 19-

30 years. We evaluate 8 test cases following the practice

of [5, 43]. Our questionnaire includes input prompt, edited

output of the baseline and our method and questions related

to these methods. The input prompt guides the user to un-

derstand the edit operation performed. The outputs of our

method and baseline are ordered randomly in each question-

naire and no pattern/clue was available whatsoever. It con-

tains questions like a) “Is primary object placed correctly

on the grounding object?”, b) “Rate the look and feel of

scene”, and c) “Rate the orientation of primary object”. We

requested people to rate the results on a scale of 1− 5, with

5 being excellent. We collected responses and averaged the

scores for each question. We found the scores to be 4.17
and 3.02 for question a) for FreeEdit and baseline, respec-

tively. Similarly, b) and c) have scores of 3.86 and 2.78, and

4.17 and 3.16 for our method and traditional baseline (the

higher the better). These results demonstrate that the qual-

ity of scenes edited by our method is better than the baseline

in real-world.

Quantitative Results As no ground truth information avail-

able, we considered a quantitative metric motivated by

[39, 41]. This metric calculates the percentage of primary

object vertices intersecting with the scene mesh. Penetra-

tion percent metric is the count of primary object vertices

having negative signed distance divided by the total num-

ber of primary object vertices. A point will have negative

signed distance if it lies inside the mesh, positive if it lies

outside the mesh and 0 if it lies on the mesh. Since we

insert objects inside a closed scene, intersection results in

vertices penetration out of the scene leading to positive sign

for penetrated vertices.

Penetration percent =
1

N

N∑

n=1

[dist(vn,M) > 0] (3)

where N is total number of vertices in primary object,

vn is the nth vertex of primary object, M is scene mesh

(a) (b) (c) (d) 

Figure 7. Translation. (a) The initial placement of primary object,

(b), (c) and (d) The translation of the object to different points.

and dist(x, y) is a Signed Distance Function (SDF). For

this experiment, we consider 50 grounded objects from 28
scenes and generated 25 primary objects, such as a coffee

cup, teapot, laptop, etc. With this, the whole evaluation

set contains 1250 cases. We evaluate our proposed method

against the traditional baseline on all the cases using the

penetration percent metric. We observe that the average

penetration percent value is reduced by nearly half from the

baseline method in the proposed method as shown in Ta-

ble 1. This indicates that the percent of vertices intersecting

with scene mesh is reduced by significant margin using our

proposed location finder algorithm even without refinement

step. After refinement (Section 3.7), the percentage is fur-

ther reduced for both the methods.

4.2. Manoeuvre

In this experiment, we provide an option for further refin-

ing the placement of object. We can translate, rotate, delete

or iteratively add objects in a scene.

Translation If the position of the primary object has to

be changed, we can select a point on the grounding object.

Now the object will be translated to the point we select. If

more than one point is selected, the mean of all these points

is calculated, and the primary object is translated to the cen-

troid point. Few examples are demonstrated in Fig. 7.

Rotation Similar to translation, we can rotate the placed

object accordingly. We can rotate the object in a clockwise

or anticlockwise direction from the top view by specifying

the angle. Given the angle and direction, the primary object

is rotated around the Z-axis at the placed location on the

grounding object. Fig. 8 illustrates a few examples.

Deletion Given a text prompt, we can delete existing ob-

jects in a 3D scene as shown in Fig. 9. Based on the feed,

the related object is grounded using OpenMask3D [38], and

it is deleted from the scene. FreeEdit deletes other objects

placed on the grounding object as well. Deletion of objects

results in the cavity in the scene. A new surface is created

connecting boundary vertices of cavity but the faces in the

new mesh are much larger leading to inappropriate shading.

This issue can be tackled by breaking down the larger faces
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(a) (b) (c) (d)

Figure 8. Rotation. (a) The initial placement of the primary ob-

ject, (b) Primary object rotated by 45 degrees in clockwise direc-

tion, (c) Object rotation by 90 degrees in clockwise direction and

(d) Object rotation by 60 degrees in anticlockwise direction.

“Chair”

“Table”

“desk”

(a) Prompt (b) Input Scene (c) Result

Figure 9. Deletion. (a) The text prompt, (b) The input scene, (c)

Scene after deletion.

into small and each vertex feature can be computed consid-

ering nearest neighbors. Also note that appearance tailoring

is out of the scope of this paper.

Inserting Objects Iteratively FreeEdit is capable of

adding multiple objects iteratively. When our model is pro-

vided with prompts containing multiple primary objects, it

adds them in a recursive manner, each object at a time. Ini-

tially, the first object is generated and placed on the ground-

ing object, and the next object is processed. This process

continues until either all the objects are added or there is

insufficient space to place an object. The model makes sure

that new object does not intersect with other objects. This

ensures intersection-free placement of objects in an iterative

fashion. Results are shown in the Fig. 10

Limitations and Future work: Following are some of the

limitations of FreeEdit that present opportunities for future

work. i) Object placement is currently restricted to flat sur-

faces. Incorporating physics simulations guided by LLMs

could enable placement on non-flat surfaces. ii) The dele-

tion of objects can result in illegitimate inpainting within

cavities (as discussed in Section 4.2). iii) The system lacks

Figure 10. Iterative Insertion. Given a text prompt, objects are

added onto grounding surface in iterative fashion.

the ability to place objects precisely in relation to exist-

ing objects (e.g., “in front of”). This limitation could be

addressed by incorporating scene graphs to provide spatial

relationship information. iv) Unrealistic object placement

occurs when scaling values exceed certain thresholds. This

issue can be mitigated by using appropriate threshold limits.

5. Conclusion

We introduced FreeEdit, a text-guided approach for

adding and replacing objects in 3D scenes comprising mul-

tiple objects. Given a scene along with a prompt for editing,

the proposed method extracts the entities and synthesizes

the object to be inserted (or replaced), followed by identi-

fication of the object to anchor it to. The optimal position

on the grounding object is automatically determined and the

synthesized object is placed. To the best of our knowledge,

our method is the first text-guided training-free approach to

edit 3D scenes with multiple objects. We show how lever-

aging mesh-level representation for simple edits can be a

potential alternative to training-based and time-consuming

NeRF based approaches. We showcase the effectiveness of

our approach through qualitative and quantitative compar-

isons with relevant baselines and existing approaches.
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