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Abstract

Text-driven object insertion in the 3D scene is an emerging task that
enables intuitive scene editing through natural language. Despite
its potential, existing 2D editing-based methods often suffer from
reliance on spatial priors such as 2D masks, 3D bounding boxes,
and they struggle to ensure inserted object consistency. These limi-
tations hinder flexibility and scalability in real-world applications.
In this paper, we propose Freelnsert, a novel framework that lever-
ages foundation models (MLLMs, LGM, and diffusion models) to
disentangle object generation and spatial placement, enabling unsu-
pervised and flexible object insertion in 3D scenes without spatial
priors. Freelnsert begins with an MLLM-based parser that extracts
structured semantics—including object types, spatial relationships,
and attachment regions—from user instructions. These semantics
guide both the reconstruction of the inserted object for 3D consis-
tency and the learning of its degrees of freedom. We first leverage
the spatial reasoning capabilities of MLLMs to initialize the object’s
pose and scale. To further enhance natural integration with the
scene, a hierarchical spatially-aware stage is employed to refine the
object’s placement, incorporating both the spatial semantics and
priors inferred by the MLLM. Finally, the object’s appearance is
enhanced using inserted-object image to improve visual fidelity. Ex-
perimental results demonstrate that Freelnsert enables semantically
coherent, spatially precise, and visually realistic 3D insertions, with-
out requiring any spatial priors, offering a user-friendly and flexible
editing experience. Project page: https://tjulcx.github.io/Freelnsert/.
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Figure 1: “No Spatial Priors, Just Prompts” Compared to exist-
ing methods that require user-provided spatial priors, limit-
ing their practicality, our method enables flexible text-driven
object insertion without any need for such priors (e.g., 2D
masks or 3D bounding boxes). Given only a text prompt (The
image prompt is optional), FreeInsert naturally inserts ob-
jects across diverse scenes.
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1 Introduction

Text-driven 3D generation [3, 24, 28, 40, 47] and editing [2, 43, 46]
are gaining traction for enabling the intuitive customization of
digital content with a few words. Despite recent advances [9, 10,
12, 17, 23, 25, 32, 37-39, 49] that have made significant progress in
editing the geometry and appearance of scene components, flexibly
inserting new objects into the scene remains challenging due to
difficulties in precise placement and seamless integration.

Recent 3D editing methods leverage diffusion models by first
performing text-guided 2D edits on single [6, 30] or multi-view
images [12, 49], then lifting them to 3D. Relying solely on textual
descriptions for object insertion often leads to insertion failure
and suboptimal results due to misinterpretation of the text [48,
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49], as shown in Figure 3, exemplified by methods like Instruct-
NeRF2NeRF [12] and GaussCtrl [41]. Some methods introduce at-
tention mechanisms to capture the spatial relationship between
the inserted object and the scene. However, these methods still
struggle with accurately determining the inserted object’s pose and
scale [33, 46, 49]. To address this limitation, other methods leverage
user-provided 2D masks [6, 30] or 3D bounding boxes [31, 48] as
strong constraints to achieve more controllable and concise inser-
tion. Nevertheless, they often demand specialized expertise [48]
and considerable manual effort, limiting their practical usability.
In addition, they still face challenges with inaccurate depth esti-
mation [6] and inconsistent 3D multi-view reconstruction due to
the modality gap between 2D and 3D. We summarize the above
discussion as shown in Table 1.

Inspired by this, achieving flexible and high-quality object in-
sertion into 3D scenes without manual supervision remains un-
derexplored. The advent of large-scale models [1, 8, 11, 21, 42],
which have acquired human commonsense knowledge, has made
unsupervised learning increasingly promising. In this paper, we
propose Freelnsert, a method that leverages foundation models
(MLLMs [1, 8], LGM [34] and Diffusion model [29] ) to assist ob-
ject insertion in 3D scenes without relying on any spatial priors
as Figure 1. Our method removes the need for spatial priors by
inferring object insertion directly from high-level textual cues (e.g.,
“Add [object] to/on [target]”) as Figure 1 shows. We argue that the
insertion process can essentially be viewed as first generating
a object, followed by estimating the transformation, which
defines the inserted object’s degrees of freedom (pose and
scale) relative to the scene.

Specifically, we disentangle the object insertion process into
object generation and its parameterized degrees of freedom (DoF)
estimation, both guided by textual descriptions with foundation
models. We first obtain a text instruction from the user and parse
it into structured semantics (e.g., object type, spatial relation, at-
tachment region) using an MLLM-based [1] object insertion parser.
This enables precise, controllable object insertion that aligns with
the user’s intent. We then employ a 3D-consistent reconstruction
model [34] to obtain an initial Gaussian-based object model, which
is coarsely inserted into the scene guided by the visual and spatial
reasoning capabilities of MLLMSs|[1, 8]. This step inherently circum-
vents the inconsistency issues associated with 2D editing-based
methods. While the feed-forward procedure provides a lightweight
3D layout, it often suffers from suboptimal placement and imper-
fect geometry. To address these issues, we propose a two-stage
refinement. First, the Hierarchical Spatial-Aware Refinement stage
optimizes the object’s DoF via spatially-aware score distillation
sampling (SSDS) [7] from pretrained diffusion model [29]. This
stage leverages MLLM-derived reasoning results to align the ob-
ject’s DoF with both local and global spatial semantics, enhancing
more precise and controllable placement. These reasoning results
also help the model handle rare spatial composition e.g., “Add a
pair of sunglasses on the forehead”, thereby improving robustness.
In the final appearance refinement stage, we fine-tune a pretrained
diffusion model on multi-view renderings of the optimized inserted
object and its corresponding inserted-object image, and use it to
enhance the object’s appearance. By disentangling placement from
object generation, our method enables flexible semantic control
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Table 1: Comparison of existing methods of object insertion
in 3D scenes. Ours can achieve high-quality object insertion
without manual supervision while keeping 3D consistency.

No Required 3D View Support
Manual Supervision Consistency —Image-Prompts
Instruct-N2N[12] v X X
GaussCtrl [41] v v X
GaussianEditor [6] X X X
TIP-Editor [48] X X v/
Freelnsert 4 v 4

over insertion while preserving object quality and ensuring coher-
ent, plausible 3D scenes.

To evaluate the proposed method, we applied it to various scenar-
ios, including object-centric, human-centric, and complex outdoor
scenes. Our experimental results demonstrate that the proposed ap-
proach can insert diverse objects into 3D scenes without requiring
manual supervision while achieving multi-view consistent object
quality. In summary, our contributions are as follows:

e We address consistent object insertion in diverse 3D scenes
using only textual input, removing the need for spatial priors
and outperforming existing methods through a framework
that disentangle object generation and spatial placement.

e We propose a DoF optimization method for object insertion,

using the reasoning capabilities of MLLMs and diffusion

models in place of manual supervision. The MLLM’s seman-
tic and spatial priors further support SSDS in enhancing
precision and robustness.

We ensure high-quality object generation by maintaining 3D

shape consistency via a reconstruction model and refining

visual appearance.

We present the first baseline for evaluating unsupervised

3D scene insertion, with experiments showing competitive

performance against state-of-the-art methods.

2 Related Works

Text-Guided 3D Scene Editing. Text-driven 3D scene editing has
seen rapid progress, thanks to the rise of diffusion models [13, 29].
Most methods [9, 12, 18, 19, 23, 27, 36] focus on modifying existing
content, either globally or locally. Local editing requires precise
localization to avoid affecting unrelated regions, which remains
challenging. While some works use implicit cues from models like
InstructPix2Pix [4] or ControlNet [44], others incorporate explicit
constraints such as segmentation masks [37] or cross-attention
maps [49]. However, these methods struggle with 3D object in-
sertion, which demands reasoning about semantically appropriate
yet physically unoccupied regions for placement. In this work, we
primarily focus on the task of object insertion in 3D scenes.

Object Insertion in 3D Scene. In contrast to modifying exist-
ing scene content, object insertion remains underexplored. MVIn-
painter [5] leverages segmentation to identify support regions like
table surfaces, but struggles with fine-grained insertions on objects
or humans. GaussianEditor [6] and InseRF [30] insert objects using
3D reconstruct models, yet still require user-provided 2D masks and
suffer from depth-related localization issues. FocalDreamer [20]
attaches parts to base shapes but depends on user-specified 3D pa-
rameters (e.g., rotation, translation, scale), and lacks generalization
to complex scenes. Other methods [31, 48] guide object generation
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(b) Initialization via Large Models
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Figure 2: Overview of Freelnsert. Given an text prompt 7" and optionally an image prompt 7o, the object insertion process
includes four stages: (a) The MLLM-based Object Insertion Parser (see Section 3.2) first extracts structured semantics to support
the subsequent stages. (b) The Initialization via Large Models (see Section 3.3) stage generates object and initializes its DoFp in
the scene . (c) The Hierarchical Spatial Aware Refinement (see Section 3.4) stage refines the DoFp. (d) The final stage, Object
Appearance Refinement (see Section 3.5), enhances the object’s visual quality using object image 7.

via diffusion using 3D bounding boxes, which imposes a burden on
users. In this work, we aim for unsupervised and broadly applicable
3D object insertion, removing the need for manual annotations or
spatial priors.

Large Language Models in 3D Generation and Editing. LLMs,
like GPT [1] and Llama [11] series, have exhibited outstanding ef-
ficacy in many text-related tasks. Zhou et al. [47] and Zhou et al.
[45] utilize LLMs to provide coarse compositional spatial infor-
mation from textual descriptions to construct the 3D scene. The
multi-modal variants of LLMs [1, 8] incorporate images and are
additionally trained on image-text pairs, showing impressive re-
sults for visual captioning and vision question-answering (VQA).
Notably, Molmo [8] can perform pixel-level localization mainly
because it was trained with richly annotated image data. This ca-
pability is crucial for robust spatial grounding in vision-language
tasks. GG-Editor [43] first exploits GPT-4V [1] to better understand
both the textual and 3D visual inputs and then infer reasonable
local regions for 3D editing. However, it primarily targets object
editing and its preliminary use of MLLM struggles to ensure spatial
precision. In this work, we leverage the text reasoning capabilities
and spatial relationship understanding of GPT-4 [1] and Molmo [8],
supplemented by a basic detection model [42], to eliminate the
reliance on manually provided priors in object insertion.

3 Method
3.1 Problem Statement

Figure 2 illustrates the overall framework of Freelnsert. Given a
group of 3D Gaussians G for an input scene and a text prompt 7~
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guiding the insertion of an object into the scene, our algorithm per-
forms high-quality, semantically consistent object insertion without
any manual supervision (e.g., 3D bounding boxes or masks). We de-
couple the object insertion task into object generation and the
optimization of the object’s 3D degrees of freedom DoFy (rotation,
translation, scale), both guided by semantic alignment between the
resulting scene and the user prompts. The resulting scene is repre-
sented by a new set of Gaussians, Gjyserseq- MoOreover, our method
allows image prompt Zp as input to specify the object’s appearance.
Formally, the insertion process is defined as:

Ginserted = € (gS’ T, IO) > (1)

where & denotes the process applied to the inserted object, includ-
ing its generation, DoF learning in the context of the scene Gs, and
appearance refinement.

3.2 MLLM-based Object Insertion Parser

A key challenge in unsupervised object insertion is converting high-
level user intent into structured, fine-grained guidance. To address
this, we introduce an MLLM-based Object Insertion Parser (MLLM-
OIP) that utilizes the MLLM’s spatial understanding capability to
parse the instruction 7 into semantically prompts, providing es-
sential guidance for the subsequent object insertion. Specifically,
we provide a prompt template 7pgrser and a sampled scene image 7
as input to the multimodal LLM M1 [1] to obtain structured
outputs. The prompts generation process is formalized as :

(70, Tar: Tar Tws Tits Tow) = Masiag (7 Tparsers Ts)  (2)

Here, the Object Prompt (70) is used for 3D object generation and
appearance refinement stage. The Attachment Region Prompt(74R)
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plays a crucial role in the initialization of the object’s degrees of
freedom DoFp. The remaining four prompts including the Global
Target Prompt (7G7) and its Object Interaction Word (77y), the Local
Target Prompt (777) and its Spatial Relationship Word (7sy) are
employed during the hierarchical spatial-aware refinement stage
to refine the DoFp, supporting global-local semantic alignment.

3.3 Initialization via Large Models

Object from Prompts. To avoid 3D inconsistency, we first use
a text-to-image (T2I) [29] model to synthesize a Text-generated
image Jp of the object from the object description prompt 7p. The
synthesized image is then used to recover the 3D geometry Go via
LGM [34], a single-view reconstruction model that achieve a trade-
off between reconstruction quality and efficiency. Other lightweight
3D reconstruction methods [14, 22] can also be adopted. In addition,
Jo can be directly specified by the user, allowing for more precise
control over the object’s appearance.

Scene’s Attachment Region Detection. Intuitively, an object’s
placement is influenced by the attachment region of the scene and
the degrees of freedom within that region. Driven by this, we extract
an attachment region Gag and its associated degrees of freedom
DoFAR(SAR, TAR, tAR) from the 3D scene based on the Attachment
Region Prompt 74g. This region serves as a crucial spatial refer-
ence, guiding initializing the inserted object DoFp. Specifically, we
employ an open-vocabulary detection model Florence2 [42] to lo-
calize 2D bounding boxes across smapled views from the scene with
camera poses Ceam, guided by Tag. For each view, the detected box
is converted into a binary mask Ipsp, representing the candidate
attachment region. The 3D attachment area is parameterized by the
degrees of freedom of a initial 3D bounding box Bip;;. We optimize
the attachment by computing cross-entropy between the projected
transformed bounding box and the detected attachment region
mask Bag across all camera views. Thus, DoFy4p is calculated as
follows:

DoFag=argmin . Lpcg (Proi (8. Team) Iga" ). )
Team€Ceam

where 0 = (s, 1, t) denotes the transformation parameters for the
canonical box Biyir, ﬂﬁ‘ine is the affine transformation function, and
the transformed 3D bounding box is computed as 8 = Fyine(Binir, 0).
The function Proj(B, Tecam) denotes the 2D projection of the 3D
bounding box B onto the image plane under the camera pose Teqm-
After obtaining DoF4g, the attachment region Gap is extracted by
selecting 3D Gaussians from the scene representation Gg within the
transformed bounding box Bar = Fumne(Binirs DoFaR). Formally,
the attachment region is defined as:

Gar=1{9 € Gs | g € Bar}

Object’s DOF Initialization. Once obtained the attachment re-
gion Gar and its associated transformation DoFg, we initialize
the inserted object’s degrees of freedom DoFy (sp, ro, to) accord-
ingly. For the sq initialization, we assume an intuitive real-world
prior: there exists a reasonable relative scale ratio A,,; between the
inserted object and the attachment region, which helps ensure a
plausible insertion. This ratio is implicitly understood by large-scale
language models. Therefore, we leverage Myprar to predict A,
and compute the object scale as sp = saR - A,¢. Considering the
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uncertainty in MLLM predictions and the influence of scale initial-
ization quality on subsequent refinement, we adopt an iterative
strategy. After initializing rop and to, we render the scene with the
inserted object and iteratively interact with the MLLM, using visual
feedback to adjust sp and improve realism and integration.

For the rp initialization, we leverage M1 to initialize a se-
mantically appropriate object rotation. Given a or MLLM-suggested
primary scene viewpoint, we render a scene image I, and sample
a set of object-centric renderings {I(gr) }rer for the inserted object,
where each r € R corresponds to a unique azimuth-elevation ro-
tation (¢, 0) € [0,27) X [0, 7). Based on the s, the rendering set
{T, ér) }, and the Global Target Prompt 757, the model can select the
optimal rotation rp that maximizes a semantic alignment score:

ro = argmax Mypy(Zs, 1", 757) )

where M1y evaluates sementic plausibility the placement aligns
with the scene.

To initialize the tp, we use strong pixel-level semantic spatial
localization capability of Molmo [8] to predict a set of 2D object
centers {cg) }oey across multiple scene views with the Local Tar-
get 711, using prompt like “Point the position to add <T >". Let
éét) denote the object geometry after applying the transformation
(so, ro, t ), where t is a optimized parameter. For each view v, we
project the transformed object and compute the 2D centroid of
its projection. The t¢ is obtained by optimizing t to minimize the
discrepancy between the projected and the predicted centroids:

to = arg mtin Z HCentroid (n’v (Qg>)) - 08’> ?
veV

5 + Lco]l(gAR) OC) (5)

Here, m,(+) is the camera projection function for view v, and Cen-
troid (-) computes the 2D projected center of the object. To ensure
physical plausibility during object insertion, we introduce the colli-
sion loss [45] L)1, which penalizes interpenetration between the
object centriod O, and the scene attachment region Gag.

3.4 Hierarchical Spatial Aware Refinement

The initial DoFp from M1 often lack spatial accuracy, hindering
seamless scene integration. Base on that, we then optimize the DoFgp
using SSDS Loss [7], refining the object’s placement in the scene.
The loss is defined as:

Vo Lssps (9%, %) = Bre | w(t) (épx (xis y, 1) = e)% (6)

Here, 6, x, ¢*, and é¢* (x¢; T, t) denote the 3D representation, ren-
dered image, spatial attention map, and the score function predict-
ing noise € from the noised image x; with text prompt 7. Unlike the
original design for multi-object composition with high timesteps,
we find that lower timesteps are more effective for fine-grained
DoF refinement in our setting, as it emphasizes local spatial details
critical for precise alignment.

Global-Local Collaborative Spatial Awareness. Diffusion mod-
els often exhibit spatial biases due to training data imbalance, e.g.,
generating moustaches at a relatively large scale across the lower
face. Large models trained on data-driven priors often fail to meet
human expectations in spatial reasoning. (see Figure 6) To address
spatial ambiguity, we leverage spatial relation terms (e.g., “on”,
“in front of”) to impose explicit constraints on object localization.
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Compared to general verbs like “wearing” or “with”, these rela-
tions encode more precise spatial priors, leading to more effective
supervision for optimizing object placement. We leverage spatial
prompts inferred from MLLM-OIP, which offers both global se-
mantic grounding TGt with interaction word77y and fine-grained
positional cues 777 with spatial relationship word7sy,. We define
a hierarchical spatial loss that jointly supervises local and global
alignment:

Lspatial =p Lssds—global(%Ts Tw)+(1=F)- Lssds-tocal( TLT Tsw)> (7)

Attention-based Localization. We found that due to the bias
in the T2I model’s training data, SSDS Loss exhibits limitations
when handling rare spatial relationships. These inherent limitations
restrict the effectiveness of prompt instructions. To enable stronger
spatial conditioning, we adopt attention-based localization loss [48],
enforcing tighter regional constraints as follows:

(1= maxcap) )+ 3l

seS

Lioe = ®)
where A balances the two terms, S denotes the multi-view mask
region projected from the 3D bounding box 8, obtained by tightly
enclosing the object after DoF initialization, and S denotes the
complementary region. As shown in our ablation (Figure 7), it is
essential for precise object placement within the designated area.

3.5 Object Appearance Refinement

Once the object’s degrees of freedom are determined, a refinement
module is introduced to enhance the visual quality of the inserted
object Go. Specifically, we refine Go using the high-quality appear-
ance from the inserted-object image 7o via LoRA [15].
Viewpoint Frequency Balancing. To avoid the overfitting caused
by using a single-view optimization, which often leads to 3D in-
consistencies and missing object parts (e.g., a side view causing
missing legs) as shown in Figure 9 (b). We perform multi-view
sampling of the inserted object. Specifically, given a set of views
{Ii}ﬁp rendered from the inserted object Go. We estimate the
pose P* of the object image Zp by selecting the most similar view
based on DINO feature similarity [26]. To ensure both appearance
fidelity and geometric consistency, We construct the training set
Dyef by combining the rendered multi-view images with repeated
samples of the inserted-object image 7 and its estimated pose P*,
as follows:

Drer = {(I, P) Y1y U {(Zo, P)}IL,  (repeated, M > N)  (9)
The following objective is used to fine-tune the LoRA layers:

2, (I P) ~ Dreg. (10)

Lref = Ezi,li,Pi,y*,et ||€¢2 (zi, 8, Py I, y*) - €|

z; is the noisy latent of image I;, t is the diffusion timestep, and
€ is the target noise. The denoising network €,, augmented with
LoRA [15], is conditioned on I;, its pose P;, and the object-specific
prompt y*, e.g., “A <token> dog”, which is formatting from 7o.

Appearance-Focused Refinement. We employ fine-tuning diffu-
sion to update the object Gaussian G, guided by L4, [28]. Under
our setting, we sample from a lower range of timesteps during
optimization to reduce the impact on the object’s geometry (e.g.,
shape and scale), thereby encouraging the model to focus more on
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refining appearance details. The corresponding objective is defined
as follows:

ox

a0 |’ ()

Vo Lsas(¢,x) =B; o |w(t) (ép (xis yir ) — €)
where f denotes the adjusted (lower) diffusion timestep.

3.6 Object Replacement

In addition, our method can be naturally extended to object re-
placement in the scene. Specifically, given a user prompt such as
“Add a [new object] to replace [existing object]”, the corresponding ob-
ject to be replaced is identified through the Attachment Region G4g.
We remove G g and then execute the standard insertion pipeline,
enabling replacement without being constrained by the original
object’s geometry or structure.

4 Experiments

4.1 Experiments Setup.

Implementation Details During initialization, we use a learning
rate of 5 x 1073 for optimizing both Gag and to of inserted object.
When estimating the coarse rotation rp, we render the object at
10-degree intervals . During the Hierarchical Spatial Aware Refine-
ment stage, we apply a learning rate of 5 x 10~* with diffusion
timesteps in the range of [0.02, 0.2], A = 0.1 is set in L, and f
is linearly increased from 0 to 1 during training. For appearance
refinement, we optimize the object appearance using timesteps in
[0.02, 0.5~0.25]. The object image Zp is upsampled with a sampling
ratio of M/N = 3 relative to multi-view inputs. All experiments are
conducted on a single NVIDIA A40 GPU. More details are provided
in the Appendix.

Dataset To comprehensively evaluate our method, we follow prior
works [6, 12, 48] and select representative scenes of varying com-
plexity, including simple backgrounds, human faces, and complex
outdoor environments. In these scenes, we insert commonly as-
sociated objects (e.g., glasses, giraffes) and evaluate diverse cate-
gories such as bowties and moustaches to assess generalization.
For GaussianEditor [6], we manually annotate masks, while for
TIP-Editor [48], we use the author-provided bounding boxes and
object images for comparison.

Baselines We compare our method with state-of-the-art 3D scene
editing approaches that support object insertion and replacement,
under two types of guidance: text prompt and text-image prompt.The
text-guided baselines include three methods: Instruct-GS2GS [35],
which extends Instruct-NeRF2NeRF (IN2N) [12] by replacing the
NeRF in IN2N with a 3DGS model; GaussCtrl [41], and GaussianEd-
itor [6]. For text-image prompt methods, we compare with TIP-
Editor [48], which uses an example image to specify object appear-
ance. As TIP-Editor provides only limited insertion scripts (e.g., “A
doll wearing sunglasses”, “A man with beard”). For fairness, we use
official code and pre-trained weights.

Evaluation Criteria. We use CLIP Text-Image directional similar-
ity following [6, 41, 48, 49] to assess the alignment between the text
and the editing results. For appearance-specified cases, we further
employ DINO similarity [26] following [48] to assess appearance
preservation. We also conducted a user study with 50 participants,
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Figure 3: Visual comparison with state-of-the-art methods for text-guided object insertion (Cols 1-2) and replacement (Col 3). Our
method generates higher-quality results while preserving scene integrity. IN2N (GS) and GaussCtrl sometimes misunderstand
the prompt and fail to complete insertion (e.g., “Give the doll a pair of glasses to the doll”), and struggle to produce clear shape
changes in replacement (Col 3, Rows 2-3). GaussianEditor requires manual masks and depth adjustment, and suffers from
artifacts and low-quality objects due to post-inpainting and 3D reconstruction limitations.

who rated the 3D editing results (presented with prompts in shuf-
fled order) on four criteria: Semantic Alignment, Object Integrity,
Geometric Consistency, and Detail Preservation, using a 1-10 scale.

4.2 Comparisons with State-of-the-Art Methods

4.2.1 Qualitative comparisons. In this part, we conduct a qualita-
tive comparison with different baselines under two types of input
settings (text prompt and text-image prompt) to evaluate their per-
formance under identical conditions. Video demonstrations are
included in the supplementary.

Text Prompt Comparisons. Figure 3 shows visual comparisons be-
tween our method with three baselines. Both IN2N(GS) and GaussC-
trl, which rely solely on semantic guidance, struggle to successfully
complete insertions in some scene-object combinations, such as
“Add a pair of glasses to the doll”. Although GaussCtrl improves
consistency, the replacements remain too similar to the original
(e.g., a horse), failing to convincingly resemble the target (e.g., a
giraffe). GaussianEditor relies on user-provided 2D masks for object
insertion but struggles in object- or human-centric scenes due to
inaccurate post-inpainting segmentation, leading to artifacts like
foreground overlaps. While it performs better in outdoor scenes
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(e.g., the giraffe example), its depth estimation is often imprecise
and requires manual adjustment. By contrast, our method achieves
high-quality object insertion and replacement results in both scene
preservation and object completeness without requiring any man-
ual annotations.

Text-Image Prompt Comparisons. Besides the text-prompt meth-
ods, we further evaluate object insertion and replacement with a
given image prompt of the specified object in Figure 4, compar-
ing against TIP-Editor [48]. Although TIP-Editor supports flexible
insertion via 3D bounding boxes, it suffers from inconsistent multi-
view appearances due to its reliance on 2D editing techniques. Most
critically, achieving such results remains dependent on finely user-
provided 3D bounding boxes, which significantly hinders scalability
and practicality. In contrast, our method delivers the most com-
plete geometry and better appearance fidelity to the image prompt

without relying on any annotation.
4.2.2 Quantitative Comparisons. Table 2 presents the quantita-

tive comparison of our method against other baseline methods.
Our method achieves CLIP text-image semantic alignment scores
comparable to the state-of-the-art methods without requiring any
manual annotations for the insertion region. Moreover, compared
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“Add a beard to the an”

-

7 = 2 n
“Add a giraffe to replace the horse”
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Figure 4: Visual comparisons with TIP-Editor using text-image prompts. Our method achieves competitive results with TIP-
Editor, without relying on 3D bounding boxes. TIP-Editor struggles to maintain the 3D consistency of the inserted object (e.g.,
the misaligned hat across views in row 2, column 2, and the right front paw intersecting with the left in row 5, column 2), as its
2D editing process lacks cross-view constraints. Our method produces clearly more 3D-consistent results and more closely

resembles the reference image.

to the approach that specifies object appearances (TIP-Editor), our
method exhibits higher DINO similarity to the image prompt. The
Useryore ratings clearly demonstrate that users prefer our method
over the baselines. Freelnsert is at least an hour faster than TIP-
Editor, requires no manual priors, and outperforms faster methods.

Table 2: Quantitative comparisons to SOTA. CLIP;;, denotes
the CLIP Text-Image directional similarity. DINOg;, is the
DINO similarity.

Method CLIP4;»T DINOsimT Useryore Timecossl
InstructN2N(GS) [35] 26.76% - 18.3 15 mins
GaussianEditor [6] 27.36% - 24.7 20 mins
GaussCtrl [41] 25.39% - 26.3 15 mins
TIP-Editor [48] 30.01% 83.30% 32.3 25h
Freelnsert 29.48% 83.45% 36.9 1.1h

4.3 Ablation Studies

Ablation Visualization Across Stages. To better demonstrate
how each stage in Freelnsert contributes to the final outcome, we
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visualize the intermediate results at each step, as shown in Figure 5.
Col 2 highlights the attachment region Gaussians within the scene,
marked in red. Col 3 shows the initial degrees of freedom (DoF),
which are typically sub-optimal. After SSDS refinement, the object
achieves a more accurate DoF (Col 4). Finally, Col 5 demonstrates
the enhanced object appearance.

Effectiveness of Global-Local Collaborative Spatial Aware-
ness. To verify the effectiveness of global-local collaborative spatial-
aware strategy, we conduct ablation studies comparing the follow-
ing variants: no ssds, only L giopat 00y Lssds-locat, and the com-
bination of both. As shown in Figure 6, global prompt like “A man
with moustache” often lead to ambiguous placements, while local
prompt such as “A moustache is under the nose and above the upper
lip” provide precise constraints but may ignore global plausibility.
Our method balances both by reweighting key spatial terms and
progressively shifting from local to global focus, resulting in more
accurate and semantically coherent placements.

Effectiveness of Attention-based localization. We evaluate the
contribution of £j,. to enhancing spatial awareness, particularly
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Figure 5: Visualization of different stages in Freelnsert.
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Figure 6: Ablation of Global-Local Collaborative Spatial
Awareness.

“Add a pair of sunglasses

on the forehead”

“Add an apple on
the center of table”

w/o Lo Freelnsert

Figure 7: Ablation of Attention-based Localization

w/o Lo Freelnsert

for rare or ambiguous placements. As shown in Figure 7, L,
encourages object position within the bounding box region inferred
by the large model, while allowing flexibility to adjust the DoF.
Unlike fixed constraints, it softly guides attention toward intended
regions, mitigating semantic control failures caused by training
data biases.

Comparison of DoF learning directly by Different Multi-
Modal Large Language Models vs. FreeInsert. To evaluate our
DoF learning method, we compare it with state-of-the-art multi-
modal LLMs, including GPT-4V [1], Molmo-7B [8], and GPT-o1 [16],
which directly predict object DoFs. Translation and scale are de-
rived from multi-view prompts (e.g., “Point the four coordinates of a
bounding box to add [object] to/on [target]”) and lifted to 3D, while
rotation follows our initialization. As shown in Figure 8 (“Add a
pair of glasses to the doll”), our predictions are more plausible. Quan-
titatively, our method achieves the highest alignment with human
preferences in projected mIoU across all cases Table 3.
Effectiveness of Viewpoint Frequency Balancing. Figure 9 com-
pares object appearance optimization when fine-tuning LoRA with
a single object image versus combining it with multi-view images
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GPT-4V [1] Molmo-7B [8] GPT-01[16] Freelnsert
Figure 8: Qualitative comparison of different MLLMs for DoF
learning on “Add a pair of sunglasses to the doll”.

Table 3: Quantitative analysis of DoF Optimization in Freeln-
sert.

Metric GPT-4V Molmo-7B GPT-o1 Freelnsert

(%) 682 78.9 89.5

mloU over 15 cases

74.7

(a) Original

(b) Single Image

(c) FR-1 (d) FR=3
Figure 9: Ablation of Viewpoint Frequency Balancing

at different sampling frequency ratios (FR). Using only inserted-
object image leads to shape inconsistencies and artifacts across
views (item (b)), while incorporating multi-view data improves
consistency but may reduce detail. Our experiments show that
FR = 3 offers the best trade-off between multi-view consistency
and single-view image quality.

5 Conclusion and Limitations

In this work, we presented Freelnsert, a novel framework for text-
driven object insertion in 3D scenes that eliminates the need for
spatial priors such as 2D masks or 3D bounding boxes. By disentan-
gling object generation from spatial placement, Freelnsert enables
unsupervised and semantically guided editing through natural lan-
guage. Leveraging the reasoning capabilities of foundation models,
our method extracts structured semantics from user instructions
to guide 3D reconstruction and spatial integration, achieving ac-
curate placement and high visual fidelity. Extensive experiments
confirm the effectiveness of our approach in enabling precise, and
user-friendly 3D object insertions, paving the way for more scalable
and intuitive scene editing in open-world scenarios.

While promising, Freelnsert still faces some limitations. It may
fail when the underlying 3D reconstruction suffers from severe
geometric inconsistencies, such as duplicated limbs or the Janus
problem, which cannot be fully compensated by our object-specific
refinement. Complex spatial instructions that require hierarchical
or relational reasoning (e.g., “Add. ...... to the second layer from the
top of the shelf”) may also exceed the capacity of current MLLMs.
These challenges are expected to diminish as foundation models for
3D reconstruction and multi-modal reasoning continue to advance.
Additionally, in replacement tasks, mismatched contact regions or
imprecise 3D bounding boxes can introduce artifacts, which can be
alleviated by integrating instance segmentation and local geometry
refinement or inpainting.
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