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Figure 1: Multi-modal, multi-platform 3D grounding from 3EED. Given a scene and a structured
natural language expression, the task is to localize the referred object in 3D space. Our dataset captures
diverse embodied viewpoints from Vehicle, Drone, Quadruped platforms, presenting
unique challenges in spatial reasoning, scene analysis, and cross-platform 3D generalization.

Abstract

Visual grounding in 3D is the key for embodied agents to localize language-referred
objects in open-world environments. However, existing benchmarks are limited to
indoor focus, single-platform constraints, and small scale. We introduce 3EED, a
multi-platform, multi-modal 3D grounding benchmark featuring RGB and LiDAR
data from vehicle, drone, and quadruped platforms. We provide over 128,000
objects and 22,000 validated referring expressions across diverse outdoor scenes
– 10× larger than existing datasets. We develop a scalable annotation pipeline
combining vision-language model prompting with human verification to ensure
high-quality spatial grounding. To support cross-platform learning, we propose
platform-aware normalization and cross-modal alignment techniques, and establish
benchmark protocols for in-domain and cross-platform evaluations. Our findings
reveal significant performance gaps, highlighting the challenges and opportunities
of generalizable 3D grounding. The 3EED dataset and benchmark toolkit are
released to advance future research in language-driven 3D embodied perception.

1 Introduction

Grounding free-form language to 3D scenes is a core capability for embodied agents operating in the
physical world [1, 12, 6, 7, 41]. By associating natural language expressions with physical objects in
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Table 1: Summary of outdoor 3D grounding benchmarks. We compare key features from aspects
including: 1Platform ( Vehicle, Drone, Quadruped), 2Area Coverage, and 3Statistics.
Our dataset exhibits advantages on platform diversity, large collections of LiDAR (L) and camera (C)
scenes (Sce.), 3D objects (Obj.), referring expressions (Expr.), and rich elevation variations (Elev.).

Dataset Sensor Platform Scene Statistics
Coverage #Sce. #Obj. #Expr. #Elev.

Mono3DRefer [103] C 3 7 7 140m × 140m 2,025 8,228 41,140 42.8m
KITTI360Pose [36] L 3 7 7 140m × 140m - 14,934 43,381 42.8m

CityRefer [61] L 7 3 7 - - 5,866 35,196 -
STRefer [47] L + C 3 7 7 60m × 60m 662 3,581 5,458 -

LifeRefer [47] L + C 3 7 7 60m × 60m 3,172 11,864 25,380 -
Talk2LiDAR [56] L + C 3 7 7 140m × 140m 6,419 - 59,207 48.6m
Talk2Car-3D [2] L + C 3 7 7 140m × 140m 5,534 - 10,169 48.6m

3EED (Ours) L + C 3 3 3 280m × 240m 20,367 128,735 22,439 80m

3D space, robots and autonomous systems can interpret high-level human instructions to perform
downstream tasks, e.g., navigation, interaction, and situational awareness [65, 90, 102, 20, 64, 91, 89].

Recent advances in 3D visual grounding have primarily focused on indoor benchmarks [32, 3, 31],
where sensing is constrained, scenes are small, and objects are limited to household categories
[96, 101]. However, real-world applications require models to operate in outdoor environments with
greater spatial scale [60, 37, 52], diverse viewpoints [66, 14, 46], and sparse sensor data [5, 38, 45].

While recent datasets have begun addressing outdoor 3D grounding [35, 21, 90, 24], they remain
limited by single-platform data (e.g., vehicle-mounted LiDAR), small scale with few objects and
expressions, and a lack of multi-modal supervision, often providing only LiDAR or RGB but not
both [25, 42, 28, 49, 33, 51, 44, 82, 92]. These gaps limit the development of models that generalize
across platforms, modalities, and real-world conditions.

To address these gaps, we introduce 3EED, a large-scale, multi-platform, multi-modal benchmark for
3D visual grounding in outdoor environments (see Fig. 1). Our dataset captures synchronized LiDAR
and RGB data from three distinct robotic platforms: Vehicle, Drone, Quadruped. It
provides over 128,000 object instances and 22,000 human-verified referring expressions, making
it 10× larger than existing outdoor grounding benchmarks, as compared in Tab. 1.

To enable scalable annotation, we develop a vision-language model prompting pipeline combined
with human-in-the-loop verification to generate high-quality referring expressions. Additionally,
we propose platform-aware normalization and cross-modal alignment techniques to standardize
geometric and sensory data while preserving platform-specific characteristics. Based on these
contributions, we establish a comprehensive benchmark suite covering in-domain, cross-platform,
and multi-object grounding settings. Through extensive experiments with state-of-the-art models
[32, 87], we reveal substantial performance gaps across platforms, exposing the challenges of robust
and generalizable 3D visual grounding in real-world outdoor environments.

To summarize, the key contributions of this work to the related fields include:

• We present 3EED, the first large-scale, multi-platform, multi-modal 3D visual grounding bench-
mark spanning Vehicle, Drone, Quadruped platforms, covering over 128,000 objects
and 22,000 human-verified expressions, which is 10× larger than existing outdoor datasets.

• We develop a scalable annotation pipeline combining vision-language model prompting with human
validation, enabling high-quality and diverse language supervision.

• We propose platform-aware normalization and cross-modal alignment to unify sensor geometry
and synchronize LiDAR, RGB, and language cues, enabling consistency across diverse platforms.

• We establish comprehensive benchmark protocols for in-domain, cross-platform, and multi-object
grounding, along with strong baseline evaluations revealing key challenges and future directions.
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Figure 2: Overview of annotation work�ow. Left: We collect 3D boxes using multi-detector fusion,
tracking, �ltering, and manual veri�cation across platforms. Middle: Referring expressions are
produced by prompting a VLM with structured cues (class, status, position, relations), followed by
rule-based rewriting and human re�nement. Right: Platform-speci�c word clouds highlight distinct
linguistic patterns in descriptions across vehicle, drone, and quadruped agents.

2 Related Work

3D Visual Grounding. 3D visual grounding localizes objects in 3D scenes from natural language
expressions. Early efforts focus on indoor RGB-D datasets like ScanRefer [12] and Nr3D [1], built
on ScanNet [15] and ARKitScenes [4], with object categories mostly limited to furniture. Recent
datasets such as Multi3DRefer [105] and EmbodiedScan [81] expand to multi-object and egocentric
grounding. These resources have driven the development of various models [107, 99, 87, 23, 79, 32,
3, 31, 83, 101, 108, 43, 96] focused on spatial-linguistic alignment in controlled indoor environments.

3D Grounding in the Wild. Grounding language in outdoor 3D scenes introduces challenges such
as large spatial scales, sparse point clouds, and diverse object distributions [39, 40, 88, 77, 78, 69].
Talk2Car [17], based on nuScenes [8], is an early benchmark for driving scenarios. STRefer [47] ex-
tends this with RGB and LiDAR from mobile agents, focusing on human activities. Mono3DVG [103]
studies grounding in monocular images without 3D sensors. KITTI360Pose [36] uses templated
language for text-to-position grounding in KITTI-360 [22], targeting positions rather than objects.
Talk2LiDAR [56] and CityRefer [61] provide multi-sensor and city-scale grounding tasks. However,
all these datasets are limited to single-platform data acquisition.

Language-Guided Perception in Embodied Platforms. Language understanding has also been
explored in interactive [84, 48, 59, 106, 26, 18, 57] and multi-task perception settings [108, 13, 29,
97, 98, 34, 93, 54, 55, 71, 58, 53, 94]. Refer-KITTI [86] based on KITTI [22] enables tracking
multiple objects with a single prompt. nuPrompt [85] employs a language prompt to predict the
object trajectory across views and frames. nuScenes-QA [68] formulates a multi-modal question
answering benchmark using nuScenes [8] data. DriveLM [75] formulates driving as a graph-based
visual question answering task, leveraging structured visual representations and large language
models [62] to answer route-planning and scene-understanding queries. These methods, however,
focus on vehicle-based data [22, 8] and semantic-level tasks [72, 30], whereas our dataset enables
�ne-grained 3D grounding across diverse embodied agents, including drones and legged robots.

3 3EED: Multi-Platform Multi-Modal 3D Grounding Dataset

Existing 3D grounding datasets mainly target small, sensor-�xed indoor spaces, leaving outdoor,
multi-platform scenarios underexplored. To bridge this gap, we curate 3EED, the �rst 3D grounding
dataset that uni�es data from Vehicle , Drone, Quadrupedplatforms. We formalize the
multi-modal, multi-platform 3D grounding task in Sec. 3.1, detail a two-stage annotation pipeline in
Sec. 3.2, and present statistics that highlight the scale, diversity, and platform balance in Sec. 3.3.
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Figure 3: Examples of multi-platform 3D grounding from the 3EED dataset. There are clear
discrepancies across both sensory data (2D & 3D) and referring expressions from theVehicle ,

Drone, and Quadruped platforms. For additional examples, kindly refer to the Appendix.

3.1 Task Formulation: 3D Grounding in the Wild

We de�ne the multi-platform 3D grounding task in our dataset asF(P � ; I � ; C) ! b � , where the

modelF maps input modalities, optionally including the point cloudP � = fp i g
N �

i=1 , imageI � , and
captionCto the corresponding 3D bounding boxb � 2 R7. Each pointp i = (p x ; py ; pz ) 2 R 3, and
the bounding box is given by its center, dimensions, and orientation angle.� denotes the platform,
including the Vehicle , Drone, and Quadruped, andN � is the number of point clouds for
platform� . To precisely quantify spatial relationships, we also de�ne the bird's-eye-view distance
from target to ego-platform as� and the relative pitch angle as� r . In dataset curation and annotation,
we explicitly consider platform-speci�c factors caused by inherent geometric differences.

3.2 Dataset Curation & Annotations

Multi-Platform 3D Data Annotation. We collect Vehicle sequences from Waymo [76], and
Drone and Quadrupedsequences from M3ED [11]. We adopt a uniform three-stage pipeline
for theDrone/QuadrupedLiDAR–RGB (see Fig. 2, left). 1) Pseudo-label seeding: State-of-the-art
detectors [73, 74, 16, 104, 100, 95] trained on Waymo [76], nuScenes [8], and Lyft [27] produce
platform-agnostic 3D boxes for every frame. 2) Automatic consolidation: Kernel-density estimation
(KDE) merges detector votes, a 3D multi-object tracker [19] enforces temporal coherence and �lls
missed detections, and the Tokenize-Anything [63] model is used to project each box onto the RGB
view to con�rm its class; category con�icts are auto-�agged. 3) Human re�nement: Annotators polish
the �agged boxes in the user interface, cross-validating to equalize accuracy across platforms. This
hybrid scheme yields consistent annotations while limiting manual effort to roughly100s per frame.

Referring Expression Data Annotation. After collecting the 3D boxes, we attach platform-invariant
language supervision through a parallel procedure (see Fig. 2, middle). 1) Structured prompting:
Each 3D box is projected onto its RGB view, together with a knowledge base with �ve template slots
category, status, absolute location, egocentric position, relation, to a vision language model [80].
Few-shot expression examples in the prompt are used to guide the model to output a single, well-
formed referring sentence. Platform-speci�c terms are normalized by platform-invariant rewriting
rules to ensure consistent wording across vehicle, drone, and quadruped views. 2) Human veri�cation:
Annotators inspect the image, projected box, and caption in an interactive UI, checking semantic
correctness, spatial �delity, absence of ambiguity, and platform-consistency. Cases that are unsatisfac-
tory will be discarded. This staged pipeline delivers concise, unambiguous expressions across vehicle,
drone, and quadruped views, providing high-quality language targets for 3D visual grounding.

3.3 Dataset Statistics & Analysis

Benchmark Comparisons. 3EED is, to our knowledge, the �rst outdoor 3D visual grounding
benchmark that standardizes sensing across three embodied platformsVehicle , Drone, and

Quadrupedby using synchronized LiDAR–RGB acquisition. As summarized in Tab. 1, our dataset
provides128;735 object bounding boxes and22;439 human-veri�ed referring expressions over
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Figure 4: Dataset statistics of the three platforms in 3EED. Left: Target bounding box distributions
in polar coordinates. Color intensity indicates the frequency of targets in each(�; � r ) bin. Middle:
Scene distribution for train/val splits on each platform, along with per-scene object count histograms.
Right: Elevation distributions of input point cloud, pz , re�ecting view-dependent elevation biases.

Figure 5: Examples of multi-object 3D grounding from the 3EED dataset. Given a scene and a
multi-object expression, the goal of this task is to localize the 3D bounding box of each referred
object by reasoning over both semantic attributes and inter-object spatial relationships.

20;367 tightly time-aligned frames, focusing on the two safety-critical classes Vehicle and Pedestrian.
Spatially, our scenes span up to280 m � 240 m horizontally and exceed80 m in elevation, with
an order of magnitude larger than any previous outdoor corpus, making it uniquely suited for studying
long-range, cross-platform grounding. The train/val split is carefully balanced. As shown in Fig. 4
(middle), containing2:7k=2:7kvehicle,4:1k=2:9kdrone, and4:9k=2:9kquadruped scenes, enabling
rigorous analysis of both platform-speci�c challenges and cross-platform generalization.

Platform-Speci�c Analysis. To illuminate how 3EED supports robust multi-platform downstream
tasks, we dissect the sensing geometry and scene composition of each agent in three dimensions:

1) Viewpoint geometry of targets: Fig.4 (left) shows the distribution of pitch angle� r and BEV
range� for each 3D box. Vehicle data clusters at mid-range with near-zero pitch, typical of level
driving. Drone covers larger� with steep negative� r from top-down views. Quadrupedstays
close in� but varies widely in pitch due to ground-level perspective. These patterns expose models to
varied spatial cues like “behind” and “under”, improving generalization to novel viewpoints.

2) Per-platform object density: Fig. 4 (middle) shows object density per platform. Drone
captures the busiest scenes due to its wide view,Vehicle records moderate density, and
Quadrupedsees fewer but closer objects. This range enables 3EED to test the ability to disambiguate
crowded scenes, maintain situational awareness, and localize small, nearby targets – offering a
challenging testbed for robust 3D grounding.

5


	Introduction
	Related Work
	3EED: Multi-Platform Multi-Modal 3D Grounding Dataset
	Task Formulation: 3D Grounding in the Wild
	Dataset Curation & Annotations
	Dataset Statistics & Analysis

	Benchmark Establishment
	Task Suite & Evaluation Strategy
	Challenges for Existing Methods
	Unified Cross-Platform Baseline

	Experiments
	Experimental Setups
	Comparative Study
	Ablation Study

	Conclusion
	The 3EED Dataset
	Overview
	Dataset Curation Details
	Examples of Single-Object 3D Grounding
	Examples of Multi-Object 3D Grounding
	Statistics and Analyses
	License

	Benchmark Construction Details
	Single-Object Grounding Baselines
	Multi-Object Grounding Baselines
	Implementation Details
	Evaluation Metrics
	Evaluation Protocol

	Additional Visual Comparisons
	Qualitative Results for Single-Object 3D Grounding
	Qualitative Results for Multi-Object 3D Grounding

	Broader Impact & Limitations
	Broader Impact
	Societal Influence
	Potential Limitations

	Public Resource Used
	Public Datasets Used
	Public Implementation Used


