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Abstract. 3D visual grounding aims to locate objects based on natural
language descriptions in 3D scenes. Existing supervised methods are lim-
ited by generalization and recent zero-shot methods typically rely on a
predefined Object Lookup Table (OLT) to query Visual Language Mod-
els (VLMs) for reasoning about object locations via a single step ground-
ing, which limits the applications in scenarios with undefined targets and
complex queries. To address these problems, we present OpenGround, a
novel zero-shot framework for open-world 3D visual grounding that re-
mains compatible with recent zero-shot methods. OpenGround integrates
Task-Chain Planning to decompose a query into a plan of context-to-
target sub-goals for progressive grounding, and Context-Guided Percep-
tion to perceive novel objects online under context guidance from the
task chain. We also propose a new dataset named OpenTarget, which
contains over 7000 object-description pairs to mimic open-world eval-
uation. Extensive experiments demonstrate that OpenGround achieves
competitive performance on Nr3D, state-of-the-art on ScanRefer, and
delivers a substantial 17.6% improvement on OpenTarget.

Keywords: 3D Visual Grounding - Vision-Language Model - Zero-shot
Scene Understanding

1 Introduction

3D Visual Grounding (3DVG) aims to locate target objects in 3D scenes from
natural language queries, with broad applications in AR/VR [6}/35,511/65], vision-
language navigation [13|[17,/64] and robotic perception [7,[23/32]. A practical
3DVG approach should not only reason over natural language queries but also
flexibly adapt to targets from coarse object categories to fine-grained parts, and
generalize to previously unseen real world environments.
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Fig. 1: Overview of Introduction. (a) Open-world 3D visual grounding faces chal-
lenges from complex queries, novel objects, and massive instances and candidates. (b)
Existing methods are limited: supervised 3D-VLMs suffer from data scarcity and re-
stricted input views; recent zero-shot pipelines rely on an offline OLT and break when
the target is missing or the query is compositional, and either OLT-Completion Strat-
egy is impractical or OLT-Free Strategy repeatedly scans the whole scene and is less
compatible with OLT-based backbones. (¢) Our proposed OpenGround framework ad-
dresses these limitations through Task-Chain Planning, which progressively grounds
sub-goals to narrow the search space, and Context-Guided Perception, which dynami-
cally discovers missing objects and turns a static offline OLT into an online OLT.

Research in 3DVG has made significant progress, encompassing both su-
pervised and zero-shot methods. While supervised methods
, trained on diverse datasets @, and zero-shot meth-
ods leveraging the power of VLMs, both achieve high

accuracy on existing benchmarks. However, in practical deployment, they are fac-
ing open-world challenges: as illustrated in Fig. (a), there are long and complex
queries, novel and fine-grained objects, and massive instances and candidates.

Under such challenges, supervised methods face two practical constraints, in
Fig. (b) “Supervised VLM Strategy™ first, supervision scarcity limits real-world
generalization; second, context window of supervised 3D-VLM limits its number
of input views, probably missing critical evidence in large scenes. Further, recent
zero-shot methods adopt a paradigm in Fig. [1}(b) “Recent
Zero-Shot Paradigm™ they use 2D VLMs for single-step grounding
with a predefined object lookup table (OLT). However, they are fundamentally
limited by the predefined offline OLT which is built on a fixed granularity range
before queries and inevitably misses novel and fine-grained objects, even though
a stronger segmentor is provided by AffordBot in OLT-Completion Strat-
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egy. At the other extreme, OLT-Free Strategy, such as VLM-Grounder [58],
abandons OLT entirely but suffers from repeated searching whole scene for com-
mon objects and less compatible with recent OLT-based methods. Moreover,
single-step formulation is brittle for complex queries which require multi-step
evidence gathering. These suggest an intuitive solution: instead of exhaustively
completing OLT or abandoning it in a single-step grounding, a practical open-
world 3DVG system should plan and ground progressively to resolve complex
queries, and discover novel objects to extend OL7T online.

In this paper,we propose OpenGround, a zero-shot framework designed to ad-
dress the open-world challenges of 3D visual grounding through two key modules,
while remaining compatible with existing OLT-based pipelines. As illustrated in
Fig. (c), given a query, Task-Chain Planning decomposes it into a plan with
a sequence of sub-goals. By grounding through the plan progressively, Open-
Ground narrows the search space for the final target. Complementing the task
chain, Context-Guided Perception (CGP) discovers missing objects by leverag-
ing previously grounded objects as context guidance. When a sub-goal does not
exist in OLT, CGP filters out irrelevant regions to perceive the missing ob-
ject and inserts it into the table online. It effectively transforms a static offline
OLT into a dynamic online OLT. As a result, subsequent single-step grounding
can continue on the updated online OLT, enabling efficient grounding of both
predefined and previously unseen objects under complex open-world queries.

To evaluate our framework, we also construct a novel benchmark named
OpenTarget to simulate open-world evaluation. The benchmark takes Scan-
Net++ [60] as the basement, and integrate fine-grained part-level segmenta-
tion results from Articulate3D [12] as the targeted but undefined 3D objects
to simulate the open-world setting. With the automatic description generating
and rigorous quality filtering, we obtain 7,724 query-object pairs which are suf-
ficiently comprehensive to support reliable validation experiments. Overall, our
contributions are summarized as follows:

— We define a novel task for zero-shot 3DVG: grounding objects outside the
predefined object lookup table (OLT) in 3D environments using natural
language descriptions. We further propose a benchmark named OpenTarget
to enable rigorous evaluation of the open-world 3DVG task. The dataset
uses VLM-generated natural language descriptions, and ensures final quality
through manual filtering, resulting in 7,724 high-quality query-object pairs.

— We extend the existing zero-shot 3DVG paradigm by integrating the Context-
Guided Perception (CGP), which enables grounding objects beyond OLT.

— We propose Task-Chain Planning for progressive grounding to resolve com-
plex queries. It also restricts CGP application to regions around already
grounded context objects, balancing efficiency and precision.

2 Related Work

Supervised 3DVG. Supervised 3D visual grounding began with ScanRefer [6]
and Referit3D [1], and can be categorized into two paradigms: two-stage and
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single-stage methods. Two-stage approaches [1,/6,/18,24,(63L|66L|72] first generate
object proposals via 3D segmentation [20}33,44,53|, then match them to textual
queries. In contrast, single-stage methods |11}|14}/16,(27.39,40.[52}57,/68] employ
end-to-end architectures that jointly learn 3D and language representations for
direct grounding. Recent advances [8}/16},139,/59,|70] further integrate VLMs to
enhance 3D understanding, forming 3D-VLMs. Notably, GS-Reasoner [8] lever-
ages chain-of-thought reasoning to better handle long and complex queries; how-
ever, such 3D-VLM solutions limit number of input views and involve expensive,
hard-to-control CoT inference, which restricts evidence gathering and practical
deployment. Moreover, despite their strong performance, particularly 3D-R1 [16]
which achieves SoTA through large-scale GRPO [45] training, these methods re-
main constrained by training data and fail to generalize in open-world grounding.
Zero-Shot 3DVG. Zero-shot 3DVG aims to improve generalization beyond su-
pervised 3DVG by leveraging pre-trained VLMs. Early attempts [19,[38] follow
CLIP-based paradigms, where query is matched against 3D proposals or fused
scene features via cross-modal similarity, enabling zero-shot grounding but suf-
fering from multiple candidates. Recent trend [251/26]/341/461/62,71] uses an offline
object lookup table (OLT) to assist VLMs: methods first retrieve candidates
from the OLT (from 3D segmentation or CLIP-based detection), then perform
VLM-based single-step confirmation to ground the target, achieving strong ac-
curacy and improved efficiency in closed-set settings. However, the reliance on a
predefined OLT fundamentally limits open-world deployment, since undefined
or long-tailed objects (especially fine-grained parts) are not covered. Existing
remedies fall into two extremes: AffordBot [56] densifies OLT with a stronger
segmentor but still inevitably misses novel objects; VLM-Grounder [58] abandons
OLT at the cost of repeated full-scene scanning and lower compatibility with
modular OLT-based pipelines. Moreover, they remain single-step and struggle
with complex queries, which is common in open-world deployment.

Advances in VLMs and Visual Perception. Recent VLMs |2,(3]/91/28-30,48-
50,54,55], such as the Qwen-VL series, show strong cross-domain generalization
and fine-grained spatial understanding [48.[55]. Meanwhile, 3D perception frame-
works like PointGroup [20], Mask3D [44], and Point-SAM [69] have advanced but
still lack open-world generalization due to limited 3D data. In contrast, 2D foun-
dation models [15221/31,/42143], such as SAM [22}42], achieve strong open-world
segmentation and grounding. The convergence of spatially aware VLMs and gen-
eralizable 2D perception models makes open-world 3D grounding promising.

3 Dataset

To evaluate the open-world grounding capability of OpenGround, we construct
a novel dataset named OpenTarget to mimic open-world settings, based on
ScanNet+-+ [60] and Articulate3D [12]. Existing 3DVG benchmarks [1,/6] focus
on object-level instances with limited category diversity, failing to simulate the
open-world scenarios where fine-grained, undefined objects (e.g., sink handles,
cabinet doors) are pervasive. In contrast, OpenTarget introduces objects from
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Fig. 2: OpenTarget dataset construction and statistics. Top: A progressive
VLM-assisted pipeline builds discriminative queries for part-level targets from Articu-
late3D on ScanNet++ scenes, using a label hierarchy (e.g., cabinet—drawer—handle),
target—distractor viewpoint selection, and context-aware description generation condi-
tioned on parent annotations, followed by VLM voting and human refinement. Bot-
tom: Compared with Nr3D and ScanRefer, OpenTarget shows larger candidate pools
and longer, more compositional queries, reflecting harder grounding.

Articulate3D absent in the OLT built on ScanNet-++-. These fine-grained parts
mimic unforeseen objects in open-world scenarios, providing a benchmark for
open-world grounding. OpenTarget provides totally 7,724 object-pairs for seg-
ments in Articulate3D, across 50 object classes and 70 part classes. We outline
the dataset construction and partial statistics below and details in Appendix.
Annotation. As illustrated in Fig. 2] we adopt a progressive VLM-based strat-
egy for annotation, involving three stages: Label Hierarchy, Annotation Perspec-
tive Selection, and VLM Annotation. First, we utilize the hierarchical labels from
Articulate3D (e.g., cabinet—drawer—handle), starting from top-level objects in
subsequent processes. Second, we collect the target and its distractors, and select
suitable perspectives for each. Third, we prompt VLMs with these perspectives
and labels to generate queries that distinguish the target from distractors. For
child objects, we repeat the process with parent object annotations as contextual
references, ensuring progressively detailed and discriminative queries.
Verification. We employ a two-stage quality verification process, combining au-
tomatic filtering and manual refinement. First, for objects with the same label,
we use multiple VLMs to vote on object-query pairs (via selected perspectives
and object IDs), retaining only majority-approved pairs to manual review. Sub-
sequently, human annotators verify these pairs, with the ability to mark them
as “unidentifiable” or revise queries, ensuring high dataset quality.

Statistics. OpenTarget contains 7,724 object-query pairs spanning 50 object
classes and 70 part classes, built on ScanNet++ scenes with part-level objects
from Articulate3D. Compared with object-level 3DVG benchmarks, OpenTarget
poses a challenging open-world setting, since targets are fine-grained parts that
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are absent from the OL7T and the training datasets of 3D segmentor, and appear
higher ambiguity. As shown in Fig. 2] OpenTarget exhibits a larger number of
same-label instances per scene (average 8.35 vs. 4.13 on ScanRefer and 3.03
on Nr3D), which substantially increases distractors for grounding. Meanwhile,
OpenTarget queries are longer (median length 31 words vs. 19 on ScanRefer and
9 on Nr3D), reflecting possible multi-step reasoning requirement. These statistics
highlight that OpenTarget evaluates open-world grounding under both higher
visual ambiguity and more complex queries.

4 Preliminary

Query: A rectangular handle is attached to the second wooden drawer from top to down of a cabinet. The
cabinet nears a bag.
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Fig. 3: Single-Step Grounding. Recent zero-shot methods follow

the paradigm: decompose the query into objects and retrieve candidates from the
predefined OLT, then select informative views to observe and annotate candidates,
finally find target ID through VLM reasoning and obtain 3D bounding box from OLT.

OpenGround is built upon the OLT-based Single-Step Grounding paradigm
which is widely adopted in many recent zero-shot 3DVG methods, and extends
it to handle open-world targets and complex queries. Given a 3D scene S (e.g.,
point cloud) and a natural-language query Q, they first construct an object
lookup table (OLT) via existing 3D scene segmentation model, denoted as

OLT = {(ID;,1abel;, bbox;)} ¥

i=1"

(1)

which maps object IDs to their semantic labels and 3D bounding boxes.
As illustrated in Fig. |3 the paradigm consists of three stages.

Candidate Retrieval. The paradigm first extracts objects mentioned in Q and
decomposes them into anchors A and targets 7, where anchors provide references
and targets denote the objects to be grounded (e.g., in “find the laptop in front
of the chair”, chair € A and laptop € T). Then, it retrieves candidates of these
objects from OLT and filters out impossible candidates.

Perspective Selection and Annotation. Given retrieved candidates, the
paradigm selects informative views that reveal these candidates, so that VLM
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can distinguish them. The selected views are rendered from the 3D scene, and
each candidate’s 3D bounding box is projected onto the corresponding images
using camera poses, producing 2D visual annotations (e.g., boxes with instance
IDs). The annotated multi-view images explicitly indicate the coordinates of each
candidate, serving as the visual evidence for the subsequent VLM reasoning.

VLM Reasoning. Finally, the paradigm feeds Q and the annotated multi-
view images into a VLM, which performs single-step grounding by selecting the
most plausible instance ID among the annotated candidates according to the
semantics and spatial relations. The predicted ID is then mapped back to its
corresponding 3D bounding box in OLT, yielding the target in the 3D scene.

5 Methodology

Scene Input Query Input Offline OLT Online Extended OLT Bounding Box Output
A e ID | Label | ID | Label ID | Label [ ID | Label
attached to the second 53 bag 12 | cabinet 126 | drawer | 130 | handle
wooden drawer from top 44 bag 14 | cabinet 127 | drawer | 131 | handle
to down of a cabinet. The 64 | bag | 15 | cabinet 128 | drawer | 132 | handle
cabinet nears a bag. =
9 cabinet O 129 | drawer N
bag—cabinet—drawer—handle <
m E . G ding Results
Tteration Start Context-Guided Perception N rounding Results
- | OLT Extension
How can I find Context Objects: | G L = CFEnER E Relevant Objects:
the farget in bag: 53 9 - bag: 53
- 30 Object Lift
2 ) - cabinet: 9 = - cabinet: 9
Target Object: T t 126 - drawer: 128
- drawer > 127 (from CGP)
The target is handle. Is —»128
Relevant objects are bag, g “ — 129 inole- . Target Object:
s noLT? : : [ISingle:StenGrounding - handle: 132
T can find it along the & No Yes (from CGP)
task chain:
lbag— cabinet—drawer—handle. ’ "

Fig. 4: Overview of OpenGround. OpenGround keeps the OLT-based single-step
grounding backbone and augments it with Task-Chain Planning and Context-Guided
Perception (CGP). It first plans an ordered sequence of sub-goals, then iterates over
the sequence. If a sub-goal is missing from the current OL7T, CGP discovers new
objects around grounded objects and extends the OLT online, after which single-step
grounding proceeds on the extended OLT to retrieve the 3D bounding box.

Overview. OpenGround builds on the OLT-based single-step grounding in
Sec. M and extends it to open-world 3DVG with two components in Fig. @ Task-
Chain Planning plans an ordered sequence of sub-goals over context objects
and the final target, so grounding can proceed step-by-step and each sub-goal
continuously narrows the remaining search space for subsequent steps; Context-
Guided Perception (CGP) discovers novel objects under context guidance
from task chain, which moves the offline OLT to an online OLT. When the
current sub-goal does not exist in OLT, CGP leverages already grounded con-
text objects to filter out irrelevant regions and performs perception to discover
missing objects and extend the OL7T on-the-fly. Subsequent single-step ground-
ing then continues on the extended online OLT, enabling grounding of both
predefined and previously unseen objects under complex open-world queries.
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Fig. 5: Illustrations of key components in OpenGround. (a): Task-Chain Plan-
ning decomposes a query into an ordered sequence of sub-goals. (b): Context-Guided
Perspective Selection finds views greedily maximizing context objects coverage.

5.1 Task-Chain Planning

When grounding fine-grained objects or in crowded scenarios, queries naturally
become complex. In such cases, humans rarely make a one-shot decision; instead,
they leverage context and make intermediate confirmations. For example, given
query “find a handle of the top drawer of the kitchen cabinet”, humans would
locate the cabinet in the kitchen, then identify drawer and handle, instead of se-
lecting the handle from tens of candidates across drawers and rooms. Even when
human grounding appears parallel, it can be viewed as sequential atomic steps,
necessary for deterministic program. This motivates grounding strategy: decom-
posing a query into a sequence of sub-goals, where grounded objects narrow the
search space for next steps. However, obtaining a useful strategy is non-trivial.
Simple strategies, e.g., ground target directly once an anchor confirmed, using
a random order, sorting by difficulty (proxy by the candidate set size), or sort-
ing by semantic relevance, misalign with the dependency structure in complex
queries (e.g., attempting a missing target too early or ignoring spatial priors).
We validate this via a user study (settings in Appendix) and find that they
produce less human-like (larger edit distance) plans, as illustrated in Fig.
Thus, we introduce a novel task chain strategy to obtain human-like plans.
Object Parsing and Candidates Initialization. We use a VLM to extract
object mentioned in Q, including one target label L'9* and a set of relevant
context labels {L5}_,. For each label in £ = {L'"} U {L§**}7_,, we initialize
its candidate set from the predefined offline OL7T using the same candidate
retrieval described in Sec. [4] The candidate set size |C;| serves as a proxy for
grounding difficulty, following the difficulty partitioning in Nr3D .
Task-Chain Construction. The core challenge lies in determining an optimal
grounding order that respects the implicit context-dependency structure within
compositional query. We identify three key factors that influence the ordering:

1. Candidate Availability: Objects absent (|C;| = 0) require context-guided
perception and must be grounded after their context-dependency objects.

2. Grounding Difficulty: Objects with larger candidate sets have broader
search spaces and thus higher grounding difficulty. Grounding them later
allows previously grounded context objects to narrow the search space.

3. Semantic Dependency: Objects linked by spatial or possessive relations
(e.g., “handle of the drawer”) should be grounded in dependency order.
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To capture these factors, we design a structured prompt that inputs: (1) the
original query Q; (2) the extracted labels £ with their candidate counts; (3) spe-
cial markers for objects without any candidates, which require Context-Guided
Perception. The VLM is instructed to reason over semantic dependencies based
on linguistic cues and commonsense, then output an ordered index sequence:

T = VLM(Q,L.{I¢; ] | j € [Lin +1]}). (2)

Notably, we adopt a soft constraint to encourage grounding the target object last
through a prompt, but permits early target grounding when the target possesses
strong unique identifiers (e.g., much less candidates, or salient visual features).
This flexibility allows adaptively prioritizing the target when necessary.
Validation via User Study. To assess alignment with human planning, we
compare with the baselines above. Our method achieves an edit distance of
0.90 4+ 0.49 to human annotations, outperforming alternative strategiesand ap-
proaches the inter-participant agreement level of 0.63 £ 0.29, indicating human-
like strategies. Details about the user study can be found in the Appendix.

5.2 Context-Guided Perception

Since task-chain planned and previously grounded context objects provide spa-
tial priors, we introduce Context-Guided Perception (CGP) to leverage the con-
text to filter irrelevant views and discover missing objects to extend OLT online.
As illustrated in Fig. [l CGP selects informative views under context guidance,
applies 2D foundation models to perceive missing objects, lifts them to 3D, and
inserts discovered objects into OLT . This converts the offline OLT into an online
OLT while preserving the same downstream interface for single-step grounding.
Context-Guided Perspective Selection. Selecting observation views is cru-
cial for efficient and accurate perception. Existing 3DVG methods rely on heuris-
tics that either underuse contextual cues or waste views: SeeGround [25] uses
a single geometry-derived view that often misses task-relevant regions or yields
distant views with insufficient detail; SeqVLM [26] favors zoomed-in views where
each candidate dominates the image, producing redundant views and losing con-
text; Struct2D [71] uses bird’s-eye views that suffer from occlusion and miss side
details. These approaches share a common limitation: they lack awareness of
complex task structure and cannot leverage the progressively grounded context
from task-chain to focus on where the missing object is most likely to appear.
Our key insight is that grounded context objects [O1,---,0:_1] serve as
spatial anchors for task-relevant regions implied by the query’s compositional
relations. We thus select views that maximize coverage of these context objects,
which exposes nearby regions where the missing object is likely to appear.
Specifically, for the current task 7; with missing candidates, we select views
Z* C T around [Oq, - -+ ,O¢_1] as context guidance. We prefer views that increase
coverage of these context objects, as illustrated in Fig. We adopt a greedy
strategy to select at most V perspectives (global optimization is NP-hard), in-
spired by Video-LLM [67] which uses greedy strategy to sample views to obtain
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maximum coverage of full scene. For each object O, initialize Ry = () and
iteratively add views for v = 1,--- , V. For each view k, coverage gain is:

[Po, NP\RG |

O;

: (3)

where Po, is the point set of O;, Pj, denotes the 3D points visible from view £,
and Rg:1 denotes the observed region after v — 1 selected perspectives. At step
v, we select k* = argmaxy A(k), add I+ into Z*, and update:

Ro, =R U (Po, N Pr+), VO;. (4)

The summation encourages balanced coverage across all context objects. The
process stops when coverage reaches 7.4, or V views are selected. With context-
guided views Z* ready, we proceed to detect missing objects via following.

2D Segmentation and Lifting. Given Z*, we detect missing objects in each
image with an open-world 2D segmentor and lift the masks to 3D to extend
the OLT. For each view k, we obtain M = SEG(Iy, L,), and lift them to
3D using the corresponding point cloud and camera parameters. We aggregate
lifted masks across views and iteratively merge those with high overlap (3D IoU
> Tiou) to obtain distinct 3D instances {P;},, following existing work [36].
Finally, we covert each object to a 3D bounding box and insert to OLT:

OLT « OLT U {(ID(i), Lz, bbox(P)) | i € [1, M]}, (5)

where ID() denotes the next unique id and bbox(P;) is the bounding box.

In summary, Task-Chain Planning orchestrates the pipeline by processing
T = [Ty, ,Tnt1] sequentially: for each Ty, if candidates exist in OLT, directly
apply single-step grounding; otherwise, CGP uses previously grounded objects
to discover missing objects, extends OLT online, and then applies single-step
grounding. Each resolved sub-goal progressively narrows the search space, en-
abling OpenGround to handle complex queries and novel objects in open-world.

6 Experiments

6.1 Experimental Settings

Datasets. We evaluate OpenGround on three datasets to assess both open-
world and OLT-dependent grounding performance. For open-world evaluation,
we conduct experiments on all 7,724 queries of OpenTarget (details in Sec. ,
which contains part-level objects beyond usual categories to simulate the open-
world scenarios, to test the ability of grounding open-world objects. For OLT-
dependent evaluation, we use two popular benchmarks: ScanRefer [6] and Nr3D
[1]. ScanRefer provides 9,508 queries in validation set, on ScanNet [10]| scenes.
Nr3D, part of the Refer[t3D benchmark [1], includes 7,805 queries in validation
set and offers ground-truth 3D bounding boxes for objects.
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Implementation Details. Our experiments utilize the GLM-4.5V [50] as the
VLM for OpenTarget evaluation, CLIP-ViT-Base-Patch16 text encoder [41] for
text similarity matching, GroundedSAM [43] as SEG and set V=3, 7.,,=0.95,
Tiou=0.5 where T.o, and Ty, follow existing works [36,/67]. For the OLT on
ScanRefer and OpenTarget benchmarks, we follow the object detection proce-
dure outlined in ZSVG3D [61] for fair comparison, which utilizes Mask3D [44].

6.2 Comparative Study

We conduct experiments across benchmarks, including Nr3D [1], ScanRefer [6],
and OpenTarget. We present detailed performance on Nr3D and ScanRefer, with
category-wise breakdowns in Tabs. 2]and [3 and report OpenTarget comparisons
in Tab.[I] Due to time constraints, we only evaluate the performance of recently
proposed top-performing and open-source zero-shot methods on OpenTarget.

Table 1: Performance on OpenTarget. * denotes results on randomly selected 300
samples due to low efficiency. Methods fail due to missing objects in the Mask3D OLT.
Easy contains queries with hierarchy length < 2 (5,737 samples), while Hard contains
queries with hierarchy length > 2 (1,987 samples).

Method ‘ orT ‘ Easy ‘ Hard ‘ Overall
‘ ‘A(:(:@O.25 A(:(:@O.SO‘A(:(:@OQ{) A(:(:@O.SO‘A(:C@OQS Acc@0.50

SeeGround [25] Mask3D [44]| 13.3 11.2 1.2 11 10.2 8.6
VLM-Grounder™ [58| - 14.5 12.1 6.1 2.3 12.3 9.6
VLM-Grounder® [58||Mask3D [44|| 16.4 12.0 10.2 4.8 14.8 10.1
SeqVLM |[26] Mask3D |44 13.6 11.2 1.4 1.1 10.5 8.6
GPT4Scene |39] Mask3D |44] 10.1 7.7 0.9 0.7 7.7 5.9
ZSVG3D [61] Mask3D [44]| 8.9 6.9 0.8 0.7 6.8 5.3
Ours Mask3D |44] 51.8 38.9 30.2 20.6 46.2 34.2
SeeGround [25] GT 20.2 19.8 11.3 10.4 17.9 17.4
VLM-Grounder™ [58| GT 31.4 21.3 20.6 17.8 28.6 20.4
SeqVLM |26 GT 21.5 21.3 134 13.2 19.4 19.2
GPT4Scene |39| GT 13.6 134 7.9 7.3 12.1 11.8
ZSVG3D |61 GT 12.2 12.0 7.6 6.8 11.0 10.7
Ours GT 57.9 57.4 45.7 45.3 54.8 54.3

OpenTarget. As illustrated in Tab. [} on the open-world benchmark, exist-
ing methods are constrained by predefined offline OLT which inevitably lacks
the target objects, resulting in severely degraded performance (visualized in
Fig. @(a)). To fairly assess their upper bound, according to the conclusion in
relevant works that better OLT results better performance, we further evaluate
them with ground-truth (GT) OLT. However, they are still confounded by the
larger candidate pool, resulting in erroneous predictions visualized in Fig. @(b)
and reported in Tab. [T} In contrast, our method far surpasses baselines although
they are given GT OLT . It shows that OpenGround effectively extends the OLT
with novel objects and resolves complex queries, enabling open-world grounding.
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Query: Find a tall,light-colored fridge oo situated ahove 2 black  Query: The i of a box which is the top one of the
chair. The fridge is adjacent to & black bag, Additionally, the box s near a black door and a sink.

uery: A rectangular hard e is attached t the second wonden
drawer from top to down of a cabinet. The cabinet nears a bag

= T~ o
7
s

(a) Predefined OLT

)

-~ i
Guery: A metallc (¢ attached to the white door frame, Guery: A door n “The doar i Query; Lacate the oven oor which is equipped with a merallc
positioned at the same height with a caste-ike (o equipped with a large window . the upper sid. handle. This oven s right under & sink in the countertop.

(b)GT OLT

Fig. 6: Qualitative Comparisons on OpenTarget. (a) compares our method with pre-
vious open-source SoOTA method, SeqVLM with predefined OLT. They fail to
ground objects out-of-OLT. (b) compares our method with previous methods equipped
with ground-truth OLT . these baselines either overlook key objects (e.g., toy, door) or
are distracted by numerous relevant objects, leading to failures.

Table 2: Quantitative Comparisons on ScanRefer ﬂﬁl Results are reported for
“Unique” (scenes with a single target object) and “Multiple” (scenes with distractors
of the same class) subsets. * denotes results on selected 250 samples.

Method ‘Supervision‘ VLM ‘ Unique ‘ Multiple ‘ Overall
| | [Acc@0.25 Acc@0.50|Acc@0.25 Acc@0.50]Acc@0.25 Acc@0.50

ViewSRD Supervised - 82.1 68.2 374 29.0 45.4 36.0
3D-R1 Supervised - - - - - 65.8 59.2
GPT4Scene Supervised - 90.3 83.7 56.4 50.9 62.6 57.0
TSP3D Supervised - - - - - 56.4 46.7
SeeGround Zero-Shot |Qwen2-VL-72b [54]| 75.7 68.9 34.0 30.0 44.1 39.4
Ours Zero-Shot |Qwen2-VL-72b [54|| 76.6 70.3 48.1 40.4 53.7 46.3
SeqVLM Zero-Shot | Doubao-1.5-pro [5]| 77.3 72.7 47.8 41.3 55.6 49.6
Ours Zero-Shot | Doubao-1.5-pro |5 78.3 75.1 59.2 49.4 63.0 54.4
VLM-Grounder* Zero-Shot 51.6 32.8 66.0 29.8 48.3 33.5
SPAZER Zero-Shot 0.9 72.3 51.7 43.4 57.2 48.8
Ours Zero-Shot 83.5 75.2 59.9 51.2 64.5 55.9
ZSVG3D Zero-Shot | GPT-4 turbo [37] | 63.8 58.4 27.7 24.6 36.4 32.7
Ours Zero-Shot | GPT-4 turbo |37 78.0 75.8 58.5 48.2 62.3 53.6

Nr3D & ScanRefer. OpenGround achieves competitive performance across
both benchmarks. On Nr3D , we achieve competitive accuracy to the zero-
shot SoTA SPAZER . On ScanRefer @7 we outperform all zero-shot baselines
and narrow the gap to supervised methods. These improvements are mainly in-
cremental rather than dramatic, because the evaluation settings are simpler:
queries are shorter, and scenes contain fewer candidates, which reduces the need
for task-chain planning, shown in Sec. 3] Moreover, targets in Nr3D and ScanRe-
fer are largely covered by the predefined OLT, so our context-guided perception
is rarely used and thus contributes little under these close-world conditions.

6.3 Ablation Study

To validate each module in OpenGround, we conduct ablation studies on the
OpenTarget. All experiments use the same settings as the main results.
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Table 3: Detailed Performance on Nr3D . Queries are categorized as “Easy”
(with one distractor) or “Hard” (with distractors), and as “Dep.” (View-Dependent)
or “Indep.” (View-Independent) based on viewpoint requirements for grounding.
“Ours+SPAZER ” seamlessly integrates its advanced module into our framework.

Method ‘Supervision‘ VLM ‘Edsy Hard‘Dep. Indep.‘Overall
Supervised - - - - - 68.8
Supervised - - - - - 48.7
Supervised - 75.3 64.8|68.6 70.6 | 69.9
SeeGround Zero-Shot |Qwen2-VL-72b [54] 38.3[42.3 48.2 | 46.1
Ours Zero-Shot |Qwen2-VL-72b 54.9 44.6|46.4 52.9 | 50.6
SeqVLM Zero-Shot | Doubao-1.5-pro [5] 47.4|51.0 54.5 | 53.2
Ours Zero-Shot | Doubao-1.5-pro 63.8 57.4|58.9 61.4 | 60.5

VLM-Grounder Zero-Shot GPT-40

55.2 39.5|45.8 49.4 | 48.0

SPAZER Zero-Shot GPT-40 68.0 58.8(59.9 66.2 | 63.8
Ours Zero-Shot GPT-40 64.3 59.3|59.2 63.1 | 61.7
Ours+SPAZER Zero-Shot GPT-40 70.1 59.8(60.4 67.2 | 64.8
ZSVG3D Zero-Shot | GPT-4 turbo 46.5 31.7|36.8 40.0 | 39.0
Ours Zero-Shot | GPT-4 turbo 59.3 55.1|55.1 58.2 | 57.1

Effect of Initial OLT. As shown in Tab.[d] OpenGround remains effective even
without an initial OLT, outperforming baselines with GT OLT. Nevertheless,
incorporating an initial OLT offers priors that further improves performance.

Query: Locate a slender wooden h > attached to a white drawer in a kitchen cabinet unit beneath a smooth countertop and
beside a oven. The handle is situated between other two handles. The cabinet rests against a dark backsplash, nearby with a
wall-mounted rack.

[OLT‘ oven 1 countertop 1 “ cabinet 10 ’ rack 0 “ backsplash 0 ‘ drawer 0 ' handle 0 ]

Full Task Chain Strate

oven—countertop—rack
—backsplash—cabinet
—drawer—handle

oven—countertop—handle

Unconfirmed context
rack, backsplash, cabinet,
drawer

Fig. 7: Grounding Strategy Results Comparison. Jump strategy incorrectly
identifies the object (orange) because it skips the key object, rack. Task Chain strategy
correctly identifies the object (teal), considering the rack (purple).

Task Chain Construction Strategy. We compare several grounding plan con-
struction strategies (Tab. 4} rows 1, 3-6): Random uses a random order; Jump
grounds target directly once an object confirmed; Difficulty prioritizes easier
objects by candidate set size; Semantic orders by relevance to the target; Task
Chain is our strategy and achieves the best performance. Fig. [7] further com-
pares with Jump, where ours yields more coherent intermediate grounding and
more accurate grounding via progressive planning. Together with Fig. these
results demonstrate that human-like planning improves open-world grounding.
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Table 4: Ablation study of different components on OpenTarget Acc@0.50. Initial
OLT: whether using initial OLT from Mask3D ; Grounding Strategy: strategy
for constructing grounding sequence; VLM: the vision-language model used. Right:
swap only the Single-Step Grounding backbone within OpenGround (others fixed).

Initial Grounding %

7 OLT  Strategy

s = Compatibility and Comparison
16 - A 5
(1)| Yes Task Chain ~ GLM-4.5V [50] [34.2 w0 At 50
)| No Task Chain ~ GLM-4.5V [27.1 s g
)| Yes Jump . 29.8 30.8 2o ;
)| Yes Relevance . 32.6 % =
)| Yes  Difficulty . 31.5 25
)| Yes  Random . 29.2 204
20
)| Yes Task Chain Quwen3-VL-32B @ 30.4 .
)| Yes Task Chain QwenS3-VL-235B @ 32.8 15 2 5 5 onty
)

2
Yes Task Chain Step3

Single-Step Grounding Backbone

VLM Acc

—

~— =~~~
© 00 | U= W

33.4 +Ours Backbone +SeeGround +SeqVLM VLM-Grounder+GT

Influence of VLM. To verify VLM dependence and adaptability, we replace
the default GLM-4.5V with VLMs of varying scales. As shown in Tabs.
to[d, OpenGround’s advantage stems from our contributions rather than large-
scale VLM capabilities. Notably, smaller VLMs induces minimal performance
degradation, even that the Qwen3-VL-32B only drops 3.8%, still outperforms
baselines that leverage GT OLT (e.g., 10% higher than VLM-Grounder).

- 1000
34.17 %7 3381 W
4 . urs
= 32.74 w0 ~ - SeeGround+GT

» I B0l o SeqVLM+GT

9, —&— VLMGrounder*+!
30 S J ’/\/\\/ k

100

.’4‘&;—‘/

- w/o Maximize & SeeGround+GT

27579 W Maximize Coverage

Inference Time

Ay 4 Ak

24 Coverage SeqVLM+GT
_ 2283 ~— VLMGrounder*+GT
22 0 10
12 3 4 5 12 3 4 5 6 7 8 9 10 12 3 4 56 7 8 9 10
Number of Max Views V' Task Chain Length Task Chain Length
(a) Perspective selection vs. V. (b) Accuracy vs. chain length. (c) Time vs. chain length.

Fig. 8: Ablation studies. (a): impact of perspective selection strategies with varying
max views V. (b) and (c¢): performance and efficiency across query complexity which is
measured by task chain length our method planned. “VLMGrounder*+GT” is evaluated
only on a subset of 300 samples due to its extremely high computational cost, and lacks
values at L = 1 and L = 10 since these lengths do not appear in the sampled subset.

Single-Step Grounding Backbones. We evaluate the compatibility of our
framework with existing methods. As shown in Tab.[d] the single-step grounding
module can be seamlessly replaced with prior methods such as SeeGround
and SeqVLM . Results show that CGP enables their open-world grounding
ability and Task-Chain Planning boosts performance, confirming that Open-
Ground is a general and flexible framework rather than a standalone method.
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Perspectives Selection Strategy. As illustrated in Fig. [Ba] we further study
the impact of the perspectives selection strategy:

— Number of views V: When V = 1, both strategies start at the same low
baseline. As V' increases to 4, performance of both strategies rises signifi-
cantly and peaks at 34.7 and 33.8. Exceeding V = 4 leads to performance
drops, indicating that excessive views introduce redundancy and confusion.
Though V' = 4 is most accurate, it only brings a 0.52% gain but increases in-
put views by 33.3%. We adopt V' = 3, balancing performance and efficiency.

— Maximizing Coverage Strategy: The ‘w Maximize Coverage’ outper-
forms across all V' values. This demonstrates that maximizing coverage in
view selection avoids CGP missing critical cues, resulting in higher accuracy.

Query Complexity Robustness. As illustrated in Figs. [8bland [8d, our method
is robust when query complexity grows, only costing expected linear time.
Limitation. Our method is designed for static scenes and assumes spatially
proximal relevant objects, which are common in current 3DVG. Additionally,
CGP’s performance depends on the segmentation model, which lies beyond the
scope of our research which focuses on open-world 3DVG. These aspects are
left for future exploration. More details about segmentation model influence and
possible additional mechanism and error propagation discussion about task chain
can be found in Appendix.

7 Conclusion

This paper presents OpenGround, a zero-shot framework for open-world 3D
visual grounding. Unlike prior methods that either exhaustively complete the
object lookup table (OLT) or abandon it entirely, OpenGround introduces two
modules: Task-Chain Planning that decomposes complex queries into ordered
sub-goals for progressive grounding, and Context-Guided Perception that ex-
tends the OLT online to discover novel objects on demand. We also contribute
the OpenTarget benchmark with 7,724 object-query pairs for open-world eval-
uation. Experiments show that OpenGround remains competitive on standard
datasets (Nr3D, SceneRefer) and achieves state-of-the-art performance on Open-
Target, demonstrating its flexibility and capability in open-world scenarios.
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