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Figure 1. Language-guided 3D Object Placement in Real 3D Scenes: Given a text prompt, the task is to find a valid placement for
an asset, requiring semantic and geometric understanding of the scene, the asset’s shape, and spatial relationships. Colored dots show
referenced objects (for visualization only, not given to the model), and the yellow arrow indicates the predicted frontal direction.

Abstract

We introduce the task of Language-Guided Object Place-
ment in Real 3D Scenes. Given a 3D reconstructed
point-cloud scene, a 3D asset, and a natural-language in-
struction, the goal is to place the asset so that the in-
struction is satisfied. The task demands tackling four in-
tertwined challenges: (a) one-to-many ambiguity in valid
placements; (b) precise geometric and physical reasoning;
(c) joint understanding across the scene, the asset, and lan-
guage; and (d) robustness to noisy point clouds with no
privileged metadata at test time. The first three challenges
mirror the complexities of synthetic scene generation, while
the metadata-free, noisy-scan scenario is inherited from
language-guided 3D visual grounding. We inaugurate this
task by introducing a benchmark and evaluation protocol,
releasing a dataset for training multi-modal large language
models (MLLMs), and establishing a first nontrivial base-
line. We believe this challenging setup and benchmark will
provide a foundation for evaluating and advancing MLLMs
in 3D understanding.
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1. Introduction

At two to three years old, neurotypical children learn to
follow two-step instructions like “Get your shoes and put
them on the shelf” [42]. These tasks may appear simple, yet
children need time to grasp basic vocabulary and to learn the
physical affordances of both 3D objects and scene layout.
Perhaps Als could obtain similar capabilities.

In this paper, we focus on the novel task of language-
guided 3D object placement in a reconstructed real 3D
scene. As in the shoe example, the goal is to find a valid
placement of the object among multiple configurations that
satisfy the instruction. As shown in Figure 1, the place-
ment must also respect the physical constraints of the space
and of the 3D asset. Excelling at this task would unlock
applications such as instructing a robot, through language,
to move a real object to a new location. It is also relevant
to augmented reality (AR). For instance, a shopper wearing
an AR headset could use natural-language commands to an-
chor a virtual product on a real-world surface or reposition
digital décor anywhere in the room.

*Work done during an internship at Niantic.
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MLLMs have recently shown strong performance on
language-guided 3D scene understanding tasks, including
visual question answering [11, 22, 23], visual ground-
ing [25, 62], and synthetic scene generation [18, 44, 55].
We study language-guided 3D asset placement in recon-
structed scenes, a problem closest to grounding and to syn-
thetic scene generation, yet distinct in that it requires ad-
dressing all of the following challenges simultaneously:

i. Ambiguity of solutions. 3D visual grounding typically
admits a single correct match, whereas 3D placement is
inherently one-to-many: multiple placements can satisfy
the instruction [6, 19]. This complicates both bench-
marking and data construction, which must accommo-
date multiple valid answers.

ii. Intrinsic 3D reasoning. Many constraints are geometric
and cannot be resolved from 2D projections alone. For
example, “place the asset in between the chair and the
table, hidden from the window” requires reasoning about
free space and spatial relationships in 3D.

iii. No privileged information at test time. In contrast with
synthetic scene generation, we require just the recon-
structed 3D scene. We are not given layouts [38, 44],
scene graphs [61], object properties, or clean geome-
try [24, 55] to aid with making a prediction.

iv. Joint reasoning over scene, asset, and language. The as-
set’s size and shape restrict feasible placements; given the
same scene and instruction, a large object has fewer valid
locations than a small one. Among the valid options, the
model must follow the user’s stated intent rather than de-
fault to common sense priors [36, 56].

The highlight of this paper is the introduction of a chal-
lenging novel task, which we call PLACEIT3D: language-
guided 3D placement on real scenes. To the best of our
knowledge, no existing benchmarks, datasets, or methods
directly address this problem. To advance research in this
area, we make three key contributions, summarized here:
We introduce PLACEIT3D-benchmark for language-
guided placement with 3,500 evaluation examples, each
consisting of a real ScanNet scene [15], a PartObjaverse-
Tiny asset [54], and a guiding prompt. Our evaluation
protocol accounts for placement ambiguity, enabling fair
comparison across methods.

We present PLACEIT3D-dataset, a large-scale training
dataset with 100,505 training and 2,566 validation exam-
ples, each annotated with all valid placements that can be
used for training MLLMs. Like the benchmark, it uses
ScanNet scenes and PartObjaverse-Tiny assets.

We propose PLACEWIZARD, a proto-method for this task
built on recent 3D LLMs [25]. It uses a modified form of
spatial aggregation, an asset encoder, and rotation predic-
tion, outperforming existing baselines.
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2. Related Work

3D and Large Language Models. 3D LLMs [35] are
a subclass of MLLMs that jointly process point cloud-
s/meshes and text. They typically align 3D features to
the language space with lightweight projection layers or
cross-attention adapters, mirroring strategies from image-
grounded MLLMs (VLMs) [5, 9, 13, 27, 29, 30, 32]. For
grounding and QA, 3D-LLM [22] fuses point clouds with
2D image features; Reason3D [25] routes a pre-trained
point encoder through a Q-Former [31] and a decoder
guided by both the 3D input and the LLM output. ScanRea-
son [62] interleaves grounding and reasoning during infer-
ence. However, none of these systems addresses language-
guided object placement, which requires reasoning about
free space, spatial relations, and asset properties. We intro-
duce a 3D LLM baseline designed to model these factors.
3D object placement and scene generation. Early 3D
layout work posed furniture arrangement as optimization
over ergonomic or aesthetic constraints, sampling lay-
outs that satisfy manually encoded rules and user con-
straints [36, 56]. Data driven methods replaced hand tun-
ing with spatial priors learned from example scenes, yield-
ing placement masks that reflect one-to-many valid loca-
tions [6, 8, 19]. Neural methods extend these priors to
full indoor synthesis with scene graphs, transformers, or
diffusion models [18, 38, 47, 49, 51, 53, 61], and hybrid
systems mix learned priors with explicit geometric con-
straints [18, 55]. [14] pioneered the use of language as a
control signal for 3D scene generation. Later systems parse
text into spatial constraints or scene graphs to infer feasible
regions [6-8, 34]. Recent LLM and VLM based methods
broaden this paradigm [20, 44, 47, 55]. When it comes to
real-world (i.e. non-synthetic) scenes, most existing meth-
ods are image-based, predicting plausible 2D placement re-
gions [33, 39, 40, 60, 63]. RoboPoint [58] extends this by
performing language-guided placement in images and then
lifting the results to 3D using depth. Concurrent work Fire-
Place [24] focuses on synthetic, clean environments. In con-
trast, we tackle language-guided placement in reconstructed
real-world scenes, which requires intrinsic 3D reasoning, no
privileged test-time annotations, and joint understanding of
scene geometry, object shape, and instruction intent. In-
spired by optimization methods, our dataset and benchmark
ensure geometric feasibility for all candidate placements.
Datasets for language-guided 3D tasks. Most language
and 3D datasets based on ScanNet [15] focus on tasks like
text grounding [1, 2, 10, 26], VQA [4], captioning [12], and
instruction following [59]. Larger real-scene corpora [3, 50,
64] and synthetic embodied benchmarks [37, 41, 52] ex-
pand this scope. Yet none address language-guided object
placement with its one-to-many valid solutions and explicit
valid placement enumeration; our ScanNet-based bench-
mark and dataset aim to fill this gap.
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Figure 2. PLACEIT3D-dataset creation. Given a scene and an asset as input (a) the goal is to create a prompt (f) and corresponding
mask M of valid placements (e). We start by finding the set of points which are physically plausible placements, shown in red in (b). We
consider eight equally spaced rotation angles, which condition the valid placements. For this example, angle 0° has more valid placements
than 45°. To generate the language constraints, we use the ground truth scene graph (c). Object anchors are selected from the scene graph
and combined with relationship types to create a constraint and corresponding validity mask (d). The different placement constraints are
combined in the final output by intersecting the validity masks (e) given a mask of valid dense placements. Based on each selected set of
anchors and constraint relationships, a natural language prompt is created using templates (please, see supplemental for more details).

3. Language-Guided 3D Object Placement

We introduce the task of language-guided 3D object place-
ment on 3D reconstructed scenes. Given the point cloud of
scene, a 3D asset, and text describing where the asset should
be placed in the scene, the goal is to find a valid position and
orientation for the asset that is physically plausible and ad-
heres to the language prompt.

This task is inherently ambiguous because, in general,
multiple valid placements exist. The multiple placements
in Fig. 2 (c) demonstrate this ambiguity and illustrate the
complexity of our task when compared with related tasks
like object grounding, which typically has a single solution.

Simplifying assumptions. Given the ambiguity and com-
plexity of our task, we make some simplifying assumptions
to make the problem tractable. First, we assume the vertical
orientation of the scene is fixed and given by the Z-axis. We
also assume we know the vertical orientation of the asset as
well as its frontal direction. The asset is always placed on
a horizontal surface, and only the yaw angle is considered,
i.e. rotation around the vertical axis.

3.1. Physical plausibility and language constraints

Valid placement in this task must satisfy a core set of com-
mon constraints. The first, physical plausibility, requires
that the object does not intersect the scene mesh and rests
on a surface. This constraint is language-independent and
always enforced.

Beyond physical plausibility, the language instruction
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specifies how the object should be placed in the scene.
Placement is often relative to an “anchor”, a named ob-
ject instance that must be inferred at test time. In practice,
“language constraints” capture both semantic and physical
aspects of the placement. These language constraints are
organized into three distinct groups:
Spatial constraints: These constraints specify the object’s
location relative to one or more scene anchors. This group
includes: (i) near and adjacent: the object is positioned
within a specified distance from an anchor. (ii) on: the ob-
ject should directly rest on top of an anchor. (iii) between:
the object must be placed between two anchors. (iv) above
and below: the object is located above or below an anchor.
Rotational constraint: This constraint focuses on the ori-
entation of the object relative to scene anchors. The object
is positioned so that it faces the anchor.
Visibility constraints: The object is either within the an-
chor’s line of sight (visible) or hidden from it (not visible).
A candidate placement is considered a valid placement
if and only if it simultaneously satisfies every constraint in
that prompt.
Prompt creation:We generate language prompts using a
template-based system, where each constraint is expressed
through predefined sentence templates. A random subset
of constraints and anchor objects from ScanNet annotations
is sampled for each prompt. Prompts that cannot be satis-
fied due to conflicting or overly restrictive constraints, such
as “place the asset on the table and below the desk”, are
discarded during a verification step. Template details are
provided in the supplemental material.









4.1. Scene encoding

Similarly to Reason3D, we use the point encoder from [45]
to extract features F'y € RV*? from the 3D scene. We use
an additional positional embedding feature F5** € RV*4",
for points in the point cloud, encoding their location, which
is concatenated with the previous features.

Spatial pooling. Reason3D uses Superpoints [28] to re-
duce computational complexity and memory usage by pool-
ing individual point features into a single feature per super-
point. Although effective for their task, this coarse repre-
sentation limits performance for our placement task.

For example, Superpoints will generally cluster all points
belonging to horizontal or vertical surfaces —such as floors,
tabletops and walls— into single Superpoints, which is
clearly undesirable for accurate 3D placement of assets. To
address this, we instead use uniform spatial pooling to ag-
gregate features. Specifically, we use farthest point sam-
pling [21] to select M center points, then assign each point
in the cloud to its nearest center based on Euclidean dis-
tance. This approach keeps the method computationally ef-
ficient while maintaining sufficient granularity for accurate
asset placement. The level of granularity reflects a trade-
off between computational cost and the model’s ability to
reason over fine-grained geometric details. This trade-off
is evident in Table 2, where comparing row A with row B
shows that finer sampling enables better spatial reasoning.
Please see supplementary material for a visualization.

Our spatially aggregated features Fis are passed as input
to the Q-Former block [31], which also takes as input a set
of trainable queries and learns to project the features into
the LLM embedding space.

4.2. Asset encoding

When compared with other tasks, our language-guided
placement task has an additional input, the 3D asset point
cloud. We encode the asset using a Point-BERT encoder
[57] trained on the Objaverse [17] dataset. This encoder
predicts a sequence of feature vectors that are max-pooled
to obtain a single feature embedding.

Encoding the scale of the input asset is essential to facil-
itate a valid placement. Since the asset encoder assumes a
normalized point cloud in a unit sphere, we separately en-
code the size of the asset by taking the asset’s dimensions in
the X, Y, and Z axes. The F4 feature for the asset is a com-
bination of the asset encoding and scale embeddings and is
projected to the LLLM space using an MLP.

4.3. Placement decoder

We instruct our LLM to output three special tokens, namely
a [LOC] token, an [ANC] token, and a [ROT] token. The
features associated with the three special tokens are passed
as input to the decoder, where they undergo a few self-
attention layers. These are followed by a few cross-attention
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layers between the updated token features and the asset fea-
tures F'4 and the pooled scene features Fs.

Each individual head takes the feature of the associated
token after attention, the asset feature F'4, and the scene fea-
ture Fs and predicts the corresponding output. The Place-
ment Mask Head takes the [LOC] token embedding and
predicts M, € [0, 1]"V, a mask over the scene point cloud
encoding the regions where the input asset can be placed
satisfying the input prompt. The Rotation Head takes the
[ROT] token embedding and predicts M,.,; € [0,1]V*8
indicating for each point in the point cloud, the validity
of a discretized set of rotation angles. Finally, the An-
chors Mask Head takes the [ANC] token and predicts
Mone € [0,1]Y, a mask encompassing the masks of all
the anchor objects. This is used only as an auxiliary task,
to help the network identifying anchors in the prompt. The
head architectures are depicted on the right side of Figure 3.

4.4. Losses

We use a combination of Binary Cross Entropy (BCE) and
Dice [43] losses when comparing a ground truth mask M
with a predicted mask M, so

Lseq(M, M) = BCE(M, M) + Dice(M, M).  (2)
The loss for the rotation prediction is given by
»Crot = BCE(Mroh Mrot)a (3)

where Mot € Mot € {0,138 is the ground truth indi-
cator mask for valid rotation angles, per point in the scene
point cloud.

The loss for the LLM is a cross-entropy loss, compar-
ing the ground truth text Y with the predicted text Y:
L = CE(Y,Y). Note that the ground truth text Y
for our task, follows a simple format, e.g. “Sure, it is
[LOC]J[ANC][ROT]”, since the LLM is not required to pre-
dict articulated responses or explain placement decisions.
Instead, the information useful for placement should be en-
coded in the embeddings for the special tokens. Finally, our
total loss is defined as

L= Eseg (Mlom Mloc) +£rot +£seg (Manca Man(:) +£L

4
4.5. Inference @
At inference time, our method takes the network predictions
for placement, M, and rotation, M., and extracts a sin-
gle valid placement by finding the point in the point cloud
with the maximum value in Mj,.: X = argmax,, My, T
We apply a fixed offset to point X, half the asset height, to
get the predicted 3D translation vector £. This is due to the
differences in parametrization between the training dataset
and the benchmark. To predict the rotation angle, we use
MZ,, € [0,1]%, which encodes the validity of discretized
rotations for X. The predicted angle & is obtained by taking
the argmax over this vector.






Figure 4. Qualitative benchmark results. Colored highlights indicate anchors referenced in the textual prompts (predictions are generated
entirely from point clouds, with anchor information provided only as text). The asset position is marked with a yellow circle, and a yellow
arrow denotes the frontal orientation. Our method successfully follows language instructions and meets the specified constraints. The
top-right example illustrates a placement that satisfies constraints but slightly intersects with the scene mesh. The bottom-right example
demonstrates a failure case where one constraint is not met (highlighted in red).

The results in Table 2 validate our design choices. Using
spatial aggregation instead of superpoints improves over al-
most all metrics (compare row B with row A). The inclusion
of the anchor prediction head as an auxiliary sub-task also
improves performance (row E vs row D). Finally, the use of
our rotation head combined with passing the asset encod-
ing as input to the decoder gives our final best-performing
method (row G, which we use in the qualitative results).

5.2. Qualitative Results

In Figure 4, we show the results of our method PLACEW1Z-
ARD on benchmark examples, demonstrating its ability to
follow language instructions and satisfy constraints. While
most placements are accurate, some cases exhibit minor in-
tersections with the scene mesh or constraint failures.

6. Limitations and Future Work

Our novel task formulation currently has several limitations.
First, we focus exclusively on placing objects on horizon-
tal surfaces. Extending this to support arbitrary contact
points would enable broader applications, such as hanging
a clock on a vertical wall. Second, our dataset and method
do not address inconsistencies in language guidance, where
instructions may not align with the actual scene. Addition-
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ally, both the dataset and the benchmark rely on synthetic
rule-based optimization without human verification. This
limits annotation quality, especially in edge cases, and con-
sequently affects both prediction accuracy and evaluation
reliability. Despite these limitations, we believe our work
lays the groundwork for further research in this area. Our
method can also be seen as a specialist model, as it is trained
and evaluated solely on the guided placement task. Explor-
ing how to integrate this task into a more generalist frame-
work remains an important direction for future work.

7. Conclusion

We introduced a new task, benchmark, and dataset for
language-guided object placement in real 3D reconstructed
scenes, connecting natural language understanding with
spatial reasoning over both scenes and assets. The bench-
mark is designed to reflect the inherent ambiguity of place-
ment, where multiple valid solutions are possible. We also
proposed a baseline method built on recent advances in 3D
LLMs, supported by ablation studies that highlight the im-
pact of key architectural and design choices. Benchmark
results show considerable room for improvement, and we
hope this work provides a foundation for advancing re-
search in 3D spatial reasoning.
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