SOFAR: Language-Grounded Orientation Bridges
Spatial Reasoning and Object Manipulation
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Figure 1: We introduce the concept of Semantic Orientation, which refers to natural language-
grounded object orientations, such as the “cutting” direction of a knife or the “handle” direction of a
cup. To support this, we construct OrienText300K, a large-scale object-text-orientation pairs dataset.

Abstract

While spatial reasoning has made progress in object localization relationships, it of-
ten overlooks object orientation—a key factor in 6-DoF fine-grained manipulation.
Traditional pose representations rely on pre-defined frames or templates, limiting
generalization and semantic grounding. In this paper, we introduce the concept of
semantic orientation, which defines object orientations using natural language in a
reference-frame-free manner (e.g., the “plug-in” direction of a USB or the “handle”
direction of a cup). To support this, we construct OrienText300K, a large-scale
dataset of 3D objects annotated with semantic orientations, and develop PointSO,
a general model for zero-shot semantic orientation prediction. By integrating se-
mantic orientation into VLM agents, our SOFAR framework enables 6-DoF spatial
reasoning and generates robotic actions. Extensive experiments demonstrated the
effectiveness and generalization of our SOFAR, e.g., zero-shot 48.7% successful
rate on Open6DOR and zero-shot 74.9% successful rate on SIMPLER-Env.
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Figure 2: Representation comparison between semantic orientation and others.

1 Introduction

We observe that current VLMs struggle with understanding object orientation, making them insuf-
ficient for 6-DoF robot manipulation planning. Consider some everyday scenarios: cutting bread
in half with a knife, righting a tilted wine glass, or plugging a cord into a power strip. Previous
approaches [10, 12, 8] primarily focused on understanding “where are the knife and wine glass” while
ignoring their orientations—such as the “blade direction” of the knife and the “up direction” of the
glass. This oversight makes it challenging to accomplish these 6-DoF manipulation tasks.

More importantly, different orientations of an object hold varying semantic significance. The
capability of connecting specific orientations to their semantic meanings is essential for language-
guided robot manipulations. For example, inserting a pen into a pen holder requires aligning the
pen tip with the direction of the pen holder’s opening; righting a wine glass necessitates aligning the
glass’s top with the z-axis in the world coordinate frame; and plugging into a power strip involves
understanding the “insertion” direction, which is perpendicular to the power strip’s surface. However,
translating a specific language description into a desired orientation is challenging for existing VLMs.

To move forward, we introduce language-grounded orientation that bridges spatial reasoning and
object manipulation, characterized by the following:

* From Position Awareness to Orientation Awareness. While prior works [10, 12, 8] emphasize
position relationship, orientation understanding is equally critical for defining the full 6-DoF of
object pose or end-effector poses [ 16, 120, 124, 60]. Orientation awareness involves understanding
object orientations and their relationships in the open world, enabling robots to complete tasks
requiring precise alighment and rearrangement.

* From Orientation to Semantic Orientation. Traditional orientation, defined relative to a base
frame or template model [ 104, 58, 120, 16], is insufficient for open-world manipulation guided by
language instructions [108, 49]. We introduce semantic orientation, linking orientational vectors
of an object to open-vocabulary prompts (e.g., the “handle” direction of a knife or “plug-in”
direction of a USB). This bridges geometric reasoning with functional semantics, enabling robots
to interpret task-specific orientation changes.

Achieving such open-world orientation understanding requires rich world knowledge. To this end, we
design both the model architecture and the dataset accordingly. We propose PointSO, a generalizable
cross-modal 3D Transformer [114, 26, 89, 91] for semantic orientation prediction. To train it at scale,
we construct OrienText300K, a large-scale dataset comprising over 350K 3D models with diverse
orientation-text pairs. These annotations are from Objaverse [20] and generated automatically by
prompting GPT-40 [48] with rich semantic queries covering both intra-object spatial reasoning and
inter-object manipulation contexts—eliminating the need for costly robot-collected data.

To enable comprehensive spatial reasoning, we develop SOFAR, an integrated system that combines
PointSO with foundation models such as SAM [57]. Given an RGB-D input, SAM segments the
scene, and PointSO estimates object orientations to build an orientation-aware 3D scene graph. The
graph together with the image is fed into a VLM to generate chain-of-thought [119] spatial reasoning,
supporting both positional and orientational planning for downstream robotic manipulation.

In addition, we introduce Open6DOR V2, a large-scale benchmark for 6-DoF object rearrangement
in simulation, which supports both open-loop and closed-loop control. Our method significantly
outperforms state-of-the-art VLMs and VLA models—even those trained on expensive robot trajec-
tories—across both simulated and real-world tasks. We also introduce 6-DoF SpatialBench, a new
spatial visual-question-answering benchmark to rigorously assess orientation-aware reasoning.
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Figure 3: Visualization of OrienText300K data construction and validation results.

In summary, we propose Semantic Orientation as a new representation that bridges spatial reasoning
and robotic manipulation, enabling open-vocabulary, template-free orientation understanding for
unseen objects. We introduce OrienText300K, a large-scale dataset including 350K diverse objects &
orientations and 8M images through careful filtering and annotating. We develop the SOFAR system,
which enhances spatial reasoning with 6-DoF scene graph and achieves SOTA performance on
Open6DOR, SimplerEnv, and generalizes across embodiments (e.g., grippers, suction cups, dexterous
hands) and tasks (e.g., manipulation, navigation, VQA) without any task-specific fine-tuning. Finally,
we present two new benchmarks, Open6DOR V2 and 6-DoF SpatialBench, to evaluate 6-DoF
rearrangement and spatial reasoning.

2 Semantic Orientation: Connecting Language and Object Orientation

2.1 Definition of Semantic Orientation

Traditionally, object orientation is defined within a reference frame using quaternions or Euler angles
to describe relative rotations. However, in interactive tasks, orientations often carry semantic meaning.
Humans naturally interpret orientation in a semantic, reference-free manner. For example, plugging
in a charger involves aligning the metal prongs with the socket’s opening direction—a semantically
grounded alignment. Motivated by this, we define an object’s Semantic Orientation as a unit vector
that captures the direction corresponding to a given language description. Formally, for an object X
and a description *, the semantic orientation s2* 2 S(2) is defined as:

s* = F(X;): (1

Here, “ is open-vocabulary phrase referring to general directions (e.g., front, top), object parts (e.g.,
handle, cap), or interactions (e.g., pour out, plug-in). An object X can be associated with multiple

orientations provide a semantic basis for describing and transforming the object’s rotation.

2.2 OrienText300K: Orientation-Text Paired Data at Scale

Our goal is to develop an orientation model capable of identifying semantic orientations in open-world
settings using large-scale 3D data. To support this, we introduce OrienText300K, a curated dataset
of 3D models annotated with diverse language-guided orientation labels. The dataset is constructed
from Objaverse [20], which contains approximately 800K Internet-sourced 3D models across a wide
range of categories. Since the raw data includes noisy annotations and low-quality samples, we apply
arigorous filtering process. Using Blender, we render over 8M high-quality images under carefully
designed lighting conditions to ensure fidelity for training.

Data Filtering To ensure high-quality data for generating semantic orientation annotations, we
apply a dedicated filtering strategy that retains only the samples meeting the following six criteria. q[
Standard orthogonal view only. Samples in random views will be filtered. = Clean objects without
the ground for auxiliary visualization. , Reasonable objects that have sufficient spatial reasoning
potentials. ,, High-quality objects. Blurry and wrong samples are filtered. *” Distinguishable objects.
Abstract and meaningless objects are filtered. » Non-scene objects for object-centric understanding.



However, it is non-trivial to conduct Itering on such big data using manual labor. Inspired by recent
works showing large VLMs are human-aligned judgéréq 121, 85], we employ GPT-4048] by
prompting requirements above. To be speci c, the multi-view images of 3D objects are concatenated
together with our designed prompts into GPT-40, and GPT-40 will decide whether samples should be
Itered. The ltered dataset yields 350K+ clean samples, signi cantly reducing data noise.

Data Annotation As mentioned in the introduction, VLMs struggle to produce accurate object
orientation values, which presents a signi cant challenge for data generation. Fortunately, VLMs
are powerful discriminators capable of distinguishing between different views through multimodal
understanding. We believe that the initial stage of data cleaning effectively removed a large amount
of misaligned data, leaving behind a set of properly aligned instances capable of prostacitard
orthogonal views. We then leverage GPT-40 to interpret the semantic content across six views and
generate semantic-view pairs accordingly. Throughout the annotation process, both human modelers
in Objaverse and ChatGPT serve as our annotators, supplying the necessary knowledge to produce
both view-aligned data and semantically grounded annotations.

Quiality Validation To validate annotation quality, we construct a validation set containing 208
samples with manually labeled ltering criteria and semantic orientation labels, respectively. From
Fig. 3b, we observe that GPT-40 achieves an average accuracy of 88.3% and 97.1% accuracy on
Itering and annotating, respectively. This provides a quality guarantee of our OrienText300K.

2.3 PointSO: A Cross-Modal 3D Transformer for Semantic Orientation Prediction

We introduce PointSO, a plain Transformer-based architecturg yvith cross-modal 3D-language
fusion as our orientation model. As illustrated in Fig. 4, PointSO takes the object's 3D point clouds
and a language description as inputs, and predicts the corresponding semantic orientation.

3D and Language Embeddings Given an
object's point cloudX = fx; 2 RSji =
1;2;:::;Ngwith N 3D points de ned in (X,

y, z) Cartesian space, and an arbitrary language
description’, we rst embed both into discrete
token embeddings. For the 3D point clouds,
we follow [26, 136, 89 to rst sampleNs seed
points using farthest point sampling (FPS) and
then group inputs with KNN for point feature
embedding with a local geometric extraction net-
work such as lightweight PointNet§, 87]. An
MLP head is used which maps a spe¢@LS]
token 8] to a predicted direction. As for the
language inputs, we adopt CLIB7 and use
the global token as cross-modal fusion inputs.

Cross-Modal Fusion We perform cross-modal

fusion by injecting global text features into each  Figure 4:PointSO model architecture

layer of the 3D Transformer using a simple yet

effective strategy: adding the text token to every point token. While other fusion methods such
as cross-attention, adapters, or concatenation along spatial or channel dimensions are possible, we
empirically nd that token-wise addition performs best (see Appendix C.3). This effectiveness may
stem from the short language inputs, where summation helps reinforce their in uence across layers.

Optimization LetFgp represent the PointSO model parameterizeddgy(the CLIP is kept frozen
and thus its parameters are not included). Given every object point BIp@D orientextzookin the
OrienText300K dataset, where each object is labeled with a language set " ;j =1;2;:::;Qg

and the corresponding ground truth semantic orientationSset; fs]i ;j =1;2,:::;Qg. The
optimization is to minimize the negative cosine similarity,{(v;k) = 1 m between
predicted and the ground truth semantic orientations:
: X X L
min Leos Fso(Xi;'j)is (2)

o] .
X i 2D OrienText300K J 2 Li



Figure 5:0verview of SOFAR system.Given RGB-D images and language instructiddsiFAR rst
leverages a VLM to identify relevant object phrases and semantic orientations. Then utilizes foun-
dation models Florence-225, SAM [57], and our PointSO for object segmentation and semantic
orientation estimation. This information forms a 6-DoF scene graph, which the VLM uses alongside
the RGB image to perform spatial understanding tasks or generate manipulation actions.

3 SoFaR: Semantic Orientation Bridges Spatial Reasoning and Object
Manipulation

Our proposed PointSO model now paves the way for off-the-shelf object-centric spatial orientation
understanding. However, it remains challenging to extend such object-centric spatial understanding
for scene-level spatial reasoning both in the digital woeldj{ 6-DoF visual question answering) and

in the physical world€.g, robot manipulations). To bridge this gap, we build an integrated reasoning
system where a powerful VLM acts as an agent and reasons about the scene while communicating
with off-the-shelf models including PointSO and SAKI/]. Fig. 5 illustrates an overview of our
proposed framework, aiming &manticOrientationFor AutonomoudRobots SOFAR).

3.1 Scene Graph with 6-DoF Information

To integrate both the positional & orientational interaction relationships of objects, we use a scene
graph with 6-DoF information to represent the environment.

Position & Orientation Information Extraction Given alanguage quefy, we rst prompt a vision-
language moddFy,y to extract a task-relevant set of object phraBes fpji =1;2;:::;Mg.

Each phrase; represents a language description of an object relevadt tdsing the SAM p7] &
Florence-2 [ 25, we perform language-conditioned segmentation to obtain a corresponding object
setX = fX;ji =1;2;:::; Mg, whereX; is the 3D point cloud of thé-th object. Each object is
assigned a unique ID for use in Set-of-Mark (SoM) promptingd. We then prompt the VLM

to generate a set of task-speci ¢ orientation descriptionfor related objects, and use pretrained
PointSO to infer their semantic orientations, resulting in a semantic orientati@. set

6-DoF Scene Graph From the segmented object s¢€t we construct an 6-DoF scene graph
G=(V;E) with M nodes. Each nodg 2 V encodes the following semantic and spatial attributes:
{ object phras@; with a unique instance ID; 3D positionc; = (x;y;z) 2 R® from the object's
centroid;, bounding box sizé; = (h;w;1) 2 R®; 1 semantic orientation s& along with its
corresponding description set. Each edge;; 2 E represents the relative translation and size ratio
between two connected objedisando; .

3.2 Spatial-Aware Task Reasoning

We encode the 6-DoF scene grapimto descriptive language and input it to the VLM alongside
the RGB imagé and queryQ. This enriched spatial representation enables the VLM to perform
accurate spatial reasoning by leveraging its visual and linguistic understanding.

Chain-of-Thought Spatial Reasoning Most robot manipulation tasks involving rigid objects can be
abstracted as applying transformations to adjust their position and orientation. To guide the VLM in
generating such transformations from language instructions, we adopt a CoT reasoning frogess [
that decomposes the reasoning into three steps: (i) analyzing the scene with th® gurerpbject
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