
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 35012–35031
July 2-7, 2026 ©2026 Association for Computational Linguistics

CityVG: Contrastive Fine-Tuning and Reward-Based Chain-of-Thought
Reasoning for Zero-Shot City-Scale 3D Visual Grounding

Jianjun Zhang1, Hanli Wang1,2,3*

1School of Computer Science and Technology, Tongji University, Shanghai, China
2College of Electronic and Information Engineering, Tongji University, Shanghai, China

3Key Laboratory of Embedded System and Service Computing, Ministry of Education,
Tongji University, Shanghai, China

jianjunzhang@tongji.edu.cn, hanliwang@tongji.edu.cn

Abstract

3D Visual Grounding (3DVG) locates objects
in 3D scenes based on natural language descrip-
tions. However, existing methods are primar-
ily confined to small-scale indoor data or rely
on heavy supervision, failing to generalize to
complex large-scale urban environments. To
address this limitation, we present CityVG, the
first city-scale zero-shot 3D visual grounding
framework capable of localizing urban objects
without manual annotations. Our approach
adopts a retrieval-and-reasoning paradigm com-
prising two key components. Specifically, we
propose a contrastive fine-tuning strategy to
align textual queries with urban scene graphs.
By leveraging an LLM-driven graph cluster-
ing mechanism, we automatically construct
high-quality positive and negative training pairs
and fine-tune the text encoder via contrastive
learning, resulting in a scene-adaptive text en-
coder that enables efficient alignment with-
out grounding supervision. Complementing
this, a multi-trajectory reward-based Chain-of-
Thought (CoT) reasoning strategy is designed
for inference. This mechanism iteratively eval-
uates candidate objects by aggregating reward
scores across diverse reasoning trajectories, se-
lecting the target that is most consistent with
both appearance and spatial constraints. Exten-
sive experiments on city-scale 3D grounding
benchmarks demonstrate that CityVG achieves
strong zero-shot localization performance and
generalizes effectively to unseen urban environ-
ments. The source code of this work can be
found in https://mic.tongji.edu.cn.

1 Introduction

3D Visual Grounding locates objects (Zhang et al.,
2024; Liu et al., 2026) in 3D scenes based on nat-
ural language descriptions, serving as a critical
bridge for robotics (Xiao et al., 2026; Garcia et al.,
2025), augmented reality (Hourcade et al., 2024),
and autonomous navigation (Kong et al., 2025;
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Zhang et al., 2025). Extending this capability from
room-scale indoor scenes to city-scale point clouds
unlocks detailed urban analysis, allowing systems
to interpret complex city layouts for urban planning
and geo-spatial intelligence.

However, the transition to city-scale envi-
ronments imposes severe limitations on current
methodologies. The most immediate barrier is data
scarcity: acquiring annotated point clouds for vast
urban areas is prohibitively expensive, making man-
ual labeling practically infeasible. Beyond data
constraints, the scale itself is a challenge. Unlike
indoor scenes (Armeni et al., 2016; Dai et al., 2017)
with limited objects, urban environments (Hu et al.,
2022; Lin et al., 2022) contain thousands of entities,
rendering the exhaustive object–query matching
strategies used in traditional methods computation-
ally intractable. This is further complicated by
intricate spatial semantics, where hierarchical and
long-range relationships defy the local reasoning
capabilities of existing parsers.

Existing methods struggle to address these scale-
specific hurdles. Although vision-language mod-
els (VLMs) have improved multi-modal alignment,
they are predominantly tailored for small-scale in-
door settings (Yuan et al., 2024; Xu et al., 2025a;
Li et al., 2025b). Recent attempts to bridge this
gap, such as CityRefer (Miyanishi et al., 2023)
and CityAnchor (Li et al., 2025a), employ super-
vised multi-modal embeddings and coarse-to-fine
pipelines. Crucially, these approaches remain tied
to supervised training. Consequently, they inherit
the high annotation costs and computational bot-
tlenecks mentioned above, limiting their ability to
scale efficiently to zero-shot scenarios.

To overcome these limitations, we present
CityVG, the first zero-shot framework for city-scale
3D visual grounding (Fig. 1). We address the dual
challenges of scalability and supervision through a
retrieval-and-reasoning paradigm. In the retrieval
stage, we employ a contrastive fine-tuning strat-
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egy anchored by a Visual Pairwise Scene Graph.
By leveraging LLM-driven graph clustering to au-
tomatically generate pseudo-supervision, we effi-
ciently align textual queries with urban structures,
significantly pruning the search space without man-
ual annotations. In the reasoning stage, we miti-
gate ambiguity via a multi-trajectory reward-based
Chain-of-Thought strategy. By aggregating reward
scores across diverse reasoning paths, the model
suppresses spurious matches and robustly identi-
fies targets that satisfy both appearance and spatial
constraints within complex city layouts.

Figure 1: Illustration of previous VLM-based methods
and CityVG. Compared with previous methods, CityVG
performs grounding without annotations and demon-
strates strong generalization to unseen scenes.

Our contributions are summarized as follows:

• We propose CityVG, the first zero-shot frame-
work for city-scale 3D visual grounding. It
introduces a retrieval-and-reasoning paradigm
to localize in massive urban point clouds with-
out requiring manual annotations.

• We design a contrastive fine-tuning strategy
driven by an LLM-based graph clustering
mechanism. This approach automatically gen-
erates training pairs to align textual queries
with urban scenes, efficiently pruning the vast
search space.

• We introduce a multi-trajectory reward-based
Chain-of-Thought strategy. By evaluating can-
didates across diverse reasoning paths, we mit-
igate ambiguity and ensure robust localization
under complex spatial constraints.

• CityVG achieves superior zero-shot perfor-
mance on city-scale benchmarks, effectively

generalizing to unseen environments and over-
coming the scalability limitations of existing
supervised methods.

2 Related Work

2.1 3D Visual Grounding

Research on 3D visual grounding has evolved
from supervised feature alignment to ad-
vanced reasoning-based paradigms. Early
approaches (Yuan et al., 2021; Zhao et al., 2021;
Wu et al., 2023; Qian et al., 2024; Unal et al.,
2024) typically map point cloud features and
textual descriptions into a shared embedding
space, enabling grounding via similarity matching.
Subsequent works (Yang et al., 2024; Yuan et al.,
2024; Xu et al., 2025a; Li et al., 2025b) have
integrated VLMs and LLMs to enhance semantic
understanding for free-form queries. While these
innovations improve flexibility, they are predomi-
nantly tailored to indoor environments with limited
object counts. Recently, the field has begun to
address the complexities of city-scale grounding.
Notable efforts such as CityRefer (Miyanishi
et al., 2023) and CityAnchor (Li et al., 2025a)
extend the task to large urban point clouds,
utilizing supervised multi-modal embeddings and
coarse-to-fine pipelines, respectively. Despite
these advances, such methods remain heavily
reliant on supervision and complex reasoning
architectures, which constrain their ability to scale
efficiently or generalize to zero-shot scenarios in
unseen urban environments.

2.2 Language-Driven and Graph-Based
Representation Learning

Graph-based representations have been widely
adopted for modeling structured semantics in
3D scenes. Pioneering works like 3D Scene
Graphs (Armeni et al., 2019; Kim et al., 2019)
encode objects as nodes and relations as edges, a
structure subsequently adopted by vision–language
frameworks such as VL-SAT (Wang et al., 2023b)
and Open3DSG (Koch et al., 2024) to facilitate
cross-modal alignment. However, these methods
often rely on closed vocabularies and supervised
relation annotations. To address these vocabu-
lary constraints, recent approaches have integrated
LLMs into scene graph construction. For instance,
ConceptGraph (Gu et al., 2024) leverages VLMs
and LLMs to infer open-vocabulary categories and
relations, while BBQ (Linok et al., 2025) employs
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Figure 2: Overview of the proposed CityVG framework. Given a 3D scene point cloud and a textual query, the
framework extracts instance-level objects and constructs multi-scale, multi-view representations. Candidate objects
are retrieved using a contrastively fine-tuned text encoder and further evaluated by a VLM through reward-based
CoT reasoning to localize the target object.

LLMs to generate graph structures for reasoning.
However, these methods typically treat LLMs as
external generators, constructing graphs without
tightly coupling them to the underlying 3D geomet-
ric and visual cues.

2.3 Reasoning-Based Inference with
Chain-of-Thought

CoT reasoning enhances the inference capabilities
of Large Language Models by explicitly generat-
ing intermediate reasoning steps (Nguyen et al.,
2023; Ho et al., 2023; Hu et al., 2024; Kothapalli
et al., 2025). To bolster robustness, prior research
has focused on sampling multiple reasoning chains,
motivating approaches such as RankCoT (Wu et al.,
2025), which identify high-quality chains via rank-
ing mechanisms. Other studies investigate opti-
mizing CoT generation during inference, includ-
ing DCoT (Puerto et al., 2025), which iteratively
refines multiple chains in a single pass, and Soft-
CoT (Xu et al., 2025b), which increases efficiency
by conducting reasoning in a latent space. (Sun
et al., 2025) shows that MLLMs may gradually for-
get visual evidence over long reasoning chains and
proposes Take-along Visual Conditioning to pre-
serve visual information at critical reasoning stages.
In parallel, reward modeling (Ryan et al., 2025)
has proven effective in guiding inference by ag-
gregating preference signals across candidate out-
puts, leading to more stable and reliable decision-
making. However, existing text-centric methods
decouple multi-trajectory exploration from reward
modeling, leading to reasoning divergence in com-
plex 3D spaces. We address this by tightly coupling

CoT generation with visual-spatial reward aggrega-
tion. This transforms CoT into a robust mechanism
for spatial disambiguation, dynamically weighing
reasoning paths to ensure precise localization.

3 Method

3.1 Overview

Figure 2 illustrates the CityVG framework. Given
a city-scale point cloud P and a textual query T ,
CityVG follows a retrieval-and-reasoning paradigm
to localize the target object without manual ground-
ing supervision. The pipeline initiates with
VLM-based 3D segmentation designed for open-
vocabulary understanding. We synergize a generic
3D instance segmentation model (Mask3D (Schult
et al., 2023)) with VLM to perform semantic iden-
tification and refinement. This process assigns pre-
cise semantic classes to decomposed instances, en-
abling the system to handle unrestricted vocabu-
lary. Subsequently, for each instance, we construct
an instance-centric multi-scale, multi-view repre-
sentation, generating image sequences that cap-
ture diverse perspectives from overhead (L1,2) to
oblique (V1,2) views, as detailed in Appendix A.5.
A coarse retrieval stage then prunes the massive
search space. Using a Fine-tuned BGE encoder, we
align the textual query with these visual representa-
tions to filter out irrelevant entities and retrieve a
compact set of candidate objects. Finally, a reason-
ing stage executes fine-grained localization via a
Reward CoT VLM. This module processes the can-
didate image sequences through multi-trajectory
Chain-of-Thought inference, aggregating reward
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Figure 3: Contrastive fine-tuning strategy of CityVG. During training, instance-level scene graphs are built from
object–landmark relationships and converted into relational captions by a VLM. Based on these scene graphs and
captions, an LLM-driven clustering strategy constructs positive and negative pairs for contrastive fine-tuning of
the BGE encoder. During inference, the textual query is encoded by the fine-tuned BGE to score all instances,
producing a set of candidate objects.

signals derived from class, appearance, and spa-
tial consistency to identify the best-matching target
robustly.

3.2 Retrieval Stage: Contrastive Fine-Tuning

Visual Pairwise Scene Graph (VPSG). To en-
able scalable retrieval without relying on prede-
fined labels, we structure the raw point cloud into a
VPSG. As shown in Fig. 3, given a set of extracted
object instances O = {oi}Ni=1, we identify a subset
of salient landmarks L = {ℓk}Mk=1 (L ⊆ O) to
serve as spatial anchors. We construct a directed
graph G = (V, E) comprising two distinct node
types: landmark nodes Vland = {ℓk}, which pro-
vide stable spatial references, and instance nodes
Vinst = {oi}, which represent candidate grounding
targets.

Unlike traditional scene graphs (Linok et al.,
2025; Gu et al., 2024) that rely on symbolic or
purely textual relation predicates, VPSG anchors
relational semantics directly in visual observa-
tions. Specifically, each node vj ∈ V defines
the physical entity through its structural proper-
ties: vj = (bboxj , classj), where bboxj denotes
the 3D bounding box and classj is a category la-
bel. While nodes provide the structural basis, the
semantic richness of the graph stems from visu-
ally grounded edges, which link instances to their
surrounding landmark context:

E = (oi → ℓk) | ℓk ∈ N (oi). (1)

Each edge is associated with a relation rep-
resentation rik = Γ(oi, ℓk), derived explic-
itly from paired visual observations of the in-
stance–landmark couple. Specifically, Γ(·) takes
the image pair of the instance and landmark,
along with their relative spatial configuration, and

prompts a VLM to generate a free-form textual
description of their relationship. By deriving rela-
tional semantics from paired visual cues rather than
abstract textual priors, VPSG captures nuanced geo-
metric and appearance details, naturally supporting
open-vocabulary reasoning and maintaining strict
consistency with the underlying 3D geometry.

Notably, landmarks are selected based on seman-
tic distinctiveness and stability. Specifically, we
retain instances with explicit and unique semantic
identities, such as named buildings, roads, or map-
annotated structures, which serve as reliable spa-
tial anchors in the scene graph. These landmarks
are not randomly chosen objects, but semantically
grounded reference entities that provide stable con-
textual cues for relational reasoning.

LLM-Driven Graph Clustering (LGC). Build-
ing upon the VPSG, we perform LGC to mine reli-
able pseudo supervision for contrastive fine-tuning
(Fig. 4). The procedure initiates with landmark-
centered subgraphs, establishing a seed cluster
rooted at an anchor instance ai.

To expand the cluster, we iteratively evaluate can-
didate instances ci that share a common landmark
context with the anchor. Specifically, we prompt a
Large Language Model with the relational descrip-
tions of both the anchor and candidate to compute
a semantic consistency score S(ai, ci) ∈ [0, 10]
(see Appendix Figure 10). This score serves as
a gating metric against a threshold Tgate = 7: if
S(ai, ci) ≥ Tgate, the candidate ci is deemed se-
mantically consistent and merged into the cluster;
otherwise, it is excluded. This evaluation repeats
until all potential candidates are processed, yield-
ing a collection of semantically coherent clustered
scene graphs.
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Figure 4: LLM-driven graph clustering for contrastive
pair generation. Starting from initial scene subgraphs,
an LLM assigns semantic scores to graph components
and iteratively merges or separates subgraphs based on a
threshold. The resulting clustered scene graphs are used
to generate positive and negative pairs for contrastive
fine-tuning.

Contrastive Fine-Tuning. The semantically co-
herent clusters derived from the previous stage
serve as the basis for constructing pseudo-
supervision. For each anchor instance ai, we
treat co-clustered instances as positive samples and
those from disjoint clusters as negatives. Formally,
the positive and negative pair sets are defined as:

P+ = (ai, bi), P− = (ai, ci), (2)

where bi represents an instance within the same
cluster as ai, and ci denotes an instance from a
different cluster.

To adapt the BGE-based text encoder fθ (BGE-
large-en-v1.5 (Xiao et al., 2024)) to the urban do-
main, we employ a contrastive learning objective
driven by composite textual descriptions. For each
instance oi, we synthesize a comprehensive textual
representation xi by integrating its nodal category
information (from the VPSG node) with the re-
lational descriptions of its connected landmarks
(from the VPSG edges).

Let ta, tb, and tc denote the encoded embed-
dings fθ(x) for an anchor, a positive, and a nega-
tive instance, respectively. We fine-tune fθ to align
the anchor embedding ta with its positive counter-
part tb while distancing it from negatives tc. The
contrastive loss is formulated as:

L = − 1

|P+|
∑

(a,b)∈P+

log
exp(cos(ta, tb)/τ)∑

(a,c)∈P
exp(cos(ta, tc)/τ)

,

(3)
where P = P+∪P−, cos(·, ·) denotes cosine simi-
larity and τ is a temperature parameter. Optimizing
this objective allows the encoder to learn a scene-
adaptive embedding space that captures both the

object’s semantic category and its structural context
within the urban layout.

Candidate Retrieval at Inference. During in-
ference, this fine-tuned space facilitates efficient
candidate pruning. The input query q is embedded
by the adapted encoder as:

tq = fθ(q). (4)

Similarly, each object instance oi in the scene is
represented by an embedding ti, derived from its re-
lational context description. We compute a retrieval
score for each instance via cosine similarity:si =
cos(tq, ti). Based on these scores, we select the
top-K instances to form a compact candidate set:

C = {oi | si ∈ Top-K}. (5)

This reduced set C is then forwarded to the sub-
sequent reward-based reasoning stage for precise
localization, significantly reducing the computa-
tional burden compared to exhaustive search.

3.3 Reasoning Stage: Multi-Trajectory
Reward-Based CoT

Given the compact candidate set C retrieved in the
previous stage, the reasoning module aims to pre-
cisely localize the target object under complex ap-
pearance and spatial constraints. Rather than re-
lying on a single reasoning path, CityVG adopts
a multi-trajectory reward-based CoT paradigm to
improve robustness and reduce ambiguity. The de-
tails are summarized in Algorithm 1 and Appendix
Fig. 11.

Structured Visual Input. For each candidate
ci ∈ C, the input to the VLM is a fixed, structured
image sequence rather than a single image. Specifi-
cally, ci is represented by a vertically concatenated
visual stack consisting of a raw instance-centric
image, a landmark context image, and a set of
multi-scale and multi-view images {l1, l2, v1, v2}
in which the target instance is highlighted with a
red bounding box. This image sequence provides
consistent visual evidence for all reasoning trajec-
tories associated with ci.

Parallel Multi-Trajectory Reasoning Hypothe-
ses. Conditioned on the query text q and the struc-
tured image sequence ci, the VLM produces M

independent reasoning hypotheses as {π(m)
i }Mm=1,

each corresponding to a distinct CoT interpreta-
tion of the query with respect to candidate ci. All
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Algorithm 1: Multi-Trajectory Reward-
Based CoT Reasoning

Input: Query text q; Candidate set
C = {c1, c2, . . . , cK};

Number of CoT trajectories M ; Weights λ1, λ2, λ3.
Output: Index of the grounded target object i∗.
Initialization: R← [ ];
(1) Parallel multi-trajectory CoT generation
for each candidate ci ∈ C do

Ri ← [ ];
in parallel for m = 1 to M do

CoT(m) ← VLMGenerate(q, ci);
S1 ← EvalCategory(CoT

(m)
stage1);

S2 ← EvalAppearance(CoT
(m)
stage2);

S3 ← EvalSpatial(CoT
(m)
stage3);

R
(m)
i ← λ1S1 + λ2S2 + λ3S3;

Append R
(m)
i to Ri;

end
end
(2) Coupled reward aggregation (Best-of-M )
for i = 1 to K do

Rfinal
i ← maxm R

(m)
i ;

end
(3) Final target selection
i∗ ← argmaxi R

final
i ;

return i∗.

hypotheses are sampled in parallel using a fixed
prompt template, ensuring that multi-trajectory rea-
soning improves robustness without introducing
additional inference latency.

Reward-Based Trajectory Evaluation. Each
reasoning hypothesis is assessed through a struc-
tured reward signal that decomposes inference
quality into three interpretable components, yield-
ing category, appearance, and spatial consistency
scores {S1, S2, S3}. These components are com-
bined into a trajectory-level reward R

(m)
i , which

measures how well the hypothesis satisfies the se-
mantic and spatial constraints imposed by the query
for candidate ci.

Coupled Multi-Trajectory Aggregation for In-
ference. Rather than treating multiple reasoning
hypotheses as independent outputs, CityVG explic-
itly couples hypothesis exploration with reward-
based aggregation. For each candidate, the final
inference score is obtained via a Best-of-M strat-
egy as:

Rfinal
i = max

m
R

(m)
i , (6)

which selects the most consistent reasoning hypoth-
esis while suppressing noisy or contradictory ones.
The grounded target is then determined by

i∗ = argmax
i

Rfinal
i . (7)

By treating CoT trajectories as evaluable rea-
soning hypotheses and coupling them with reward-
based aggregation, the proposed reasoning stage
performs robust inference under complex visual
and spatial constraints, rather than relying on a
single generated explanation.

4 Experiments

4.1 Implementation Details

All experiments are implemented with PyTorch on
a cluster of four NVIDIA 5090 GPUs (32 GB),
strictly adhering to the official evaluation protocols
of CityRefer and CityAnchor. Regarding model
instantiation, we utilize the offline Qwen3-VL-
8B-Instruct (Bai et al., 2023) for VLM-based 3D
segmentation and the lightweight Qwen3-VL-2B-
Instruct to construct the VPSG for contrastive fine-
tuning; for the reasoning stage, we leverage the
Doubao-Seed-1.6 model via its online API. The
text encoder BGE (Xiao et al., 2024) is fine-tuned
using the SentenceTransformers framework, opti-
mized via a Triplet Loss with cosine distance. We
train for 50 epochs with a batch size of 64 and a
learning rate of 2× 10−5 using the AdamW opti-
mizer with a 5% linear warmup. All embeddings
are ℓ2-normalized during both training and infer-
ence.

4.2 Qualitative Comparison

Table 1 presents the quantitative results on the
CityRefer (Miyanishi et al., 2023) and CityAn-
chor (Li et al., 2025a) benchmarks. Early indoor-
centric methods (e.g., InstanceRefer (Yuan et al.,
2021), 3DVG-T (Zhao et al., 2021), EDA (Wu et al.,
2023)) struggle to generalize to city-scale environ-
ments, with Acc@0.50 consistently falling below
10%. While city-scale baselines like CityRefer
and CityAnchor achieve significantly better per-
formance (e.g., CityAnchor reaches 46.86% on
CityRefer-NO), they rely heavily on supervised
training. In contrast, CityVG achieves competitive
performance without any grounding supervision,
reaching 40.28% Acc@0.50 on CityRefer-NO and
38.58% Acc@0.50 on CityAnchor-ND, substan-
tially outperforming most supervised methods. Fur-
thermore, when supervised signals are incorpo-
rated (CityVG†), our method improves to 50.92%
Acc@0.50 on CityRefer-NO, surpassing the state-
of-the-art CityAnchor. These results demonstrate
that CityVG effectively balances scalability and
accuracy, establishing a strong baseline for both
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Table 1: Quantitative results on the CityRefer (Miyanishi et al., 2023) and CityAnchor datasets (Li et al., 2025a).
“NO” and “ND” denote “Novel Objects” and “Novel Descriptions”, respectively. “†” indicates that supervised
signals are used during BGE fine-tuning.

Method Venue Supervision CityRefer-NO CityRefer-ND CityAnchor-NO CityAnchor-ND

Acc@0.25 Acc@0.50 Acc@0.25 Acc@0.50 Acc@0.25 Acc@0.50 Acc@0.25 Acc@0.50

InstanceRefer ICCV’21 Fully 4.09 3.64 1.93 1.76 1.58 1.35 3.04 2.31

3DVG-T ICCV’21 Fully 7.73 5.69 9.64 8.12 4.16 2.38 6.25 4.17

EDA CVPR’23 Fully 6.96 5.53 8.39 5.84 5.15 3.09 7.14 4.29

CityRefer NeurIPS’23 Fully 8.34 7.47 5.07 3.49 5.73 4.16 6.07 3.95

CityAnchor ICLR’25 Fully 50.69 46.86 53.17 50.37 41.23 35.11 47.81 43.40

CityVG† Ours Fully 55.38 50.92 57.68 53.52 44.29 38.65 50.67 47.17

CityVG Ours Zero-Shot 44.13 40.28 44.89 42.86 40.53 35.65 42.64 38.58

Table 2: Ablation study on different component configurations across CFT (LGC, CL) and MRCoT (MT, CoT).
CR@K (Candidate Recall@K) measures whether the target is included in the retrieved candidate set at K = 1 and K
= 5.

Id CFT MRCoT CR@K Acc@0.50
LGC CL MT CoT K=1 K=5 Building Car Ground Parking Overall

(a) ✗ ✓ ✗ ✗ 31.58 55.79 43.80 36.53 37.20 31.74 39.31
(b) ✗ ✓ ✓ ✗ 31.58 55.79 45.61 38.52 39.15 33.80 41.25
(c) ✗ ✓ ✗ ✓ 31.58 55.79 45.09 39.84 38.43 33.16 41.09
(d) ✗ ✓ ✓ ✓ 31.58 55.79 48.72 40.84 40.91 34.32 42.83
(e) ✗ ✗ ✓ ✓ – – 43.05 33.27 34.47 29.66 37.09
(f) ✓ ✓ ✓ ✓ 38.95 66.05 53.56 42.33 45.64 38.62 44.13

zero-shot and supervised city-scale grounding.

4.3 Qualitative Results
Figure 5 visualizes representative qualitative re-
sults on the CityRefer benchmark. As shown, the
contrastive fine-tuning stage effectively retrieves a
small set of semantically relevant candidates, even
when queries involve complex landmarks or subtle
appearance attributes. Subsequently, the reason-
ing stage successfully disambiguates among visu-
ally similar instances by jointly evaluating appear-
ance and spatial consistency. These examples vali-
date CityVG’s ability to accurately localize targets
in crowded urban scenes where traditional single-
stage matching often fails.

4.4 Model Analysis
Ablation Studies of Key Modules. Table 2 dis-
sects the contribution of each component within
our framework. Replacing LLM-driven graph clus-
tering (LGC) with standard K-Means clustering or
removing contrastive learning (CL) leads to a sig-
nificant drop in candidate recall, confirming the
critical role of graph-aware pseudo-supervision
in establishing a robust search space. Compar-
ing rows (a)–(d) reveals that enabling either multi-

trajectory sampling (MT) or Chain-of-Thought rea-
soning (CoT) improves overall accuracy, while
combining both yields the most substantial gain.
The full model achieves 44.13% Acc@0.50, out-
performing all ablated variants. This demonstrates
that multi-trajectory exploration and reward-based
aggregation are complementary mechanisms that
jointly enhance robust localization.

Analysis on Key Parameters. Figure 6 analyzes
the influence of the candidate size k and the number
of reasoning trajectories s. The overall accuracy in-
creases as k grows from 1 to 8 and reaches its max-
imum at k = 8, after which it slightly decreases.
Accordingly, we set k = 8 as the default candidate
size. Similarly, increasing s improves performance,
but the gain becomes marginal beyond s = 3. To
balance robustness and efficiency, we adopt s = 3
in our experiments.

Analysis on Model Efficiency. Table 3 compares
inference latency across different methods. Despite
incorporating multi-trajectory reasoning, CityVG
achieves lower inference times than CityAnchor on
both benchmarks. This efficiency gain stems from
our design choice to restrict heavy reasoning to a
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Figure 5: Qualitative results on the CityRefer benchmark. The visualization displays 2D maps derived from
city-scale point clouds via top-view and oblique-view projections. Candidate objects retrieved by the Contrastive
Fine-Tuning (CFT) stage are highlighted with distinct colored masks. In the textual query, key semantic components
are color-coded: the target object is marked in red, appearance attributes in orange, landmarks in blue, and spatial
relationships in green. The final grounded object is indicated by a red bounding box.

Figure 6: Ablation studies on parameter k and s.

compact, high-quality candidate set and to sam-
ple trajectories in parallel. These results confirm
that CityVG improves robustness without incurring
significant computational overhead.

5 Conclusion

In this work, we present CityVG, a retrieval-and-
reasoning framework for city-scale zero-shot 3D
visual grounding. By decoupling candidate prun-
ing from fine-grained inference, it achieves scal-
able, annotation-free object localization in mas-

Table 3: Comparison of inference time on CityRefer
and CityAnchor datasets. “Time” means the time used
in one visual grounding inference.

Method CityRefer CityAnchor
Time (s) Time (s)

CityRefer 42.27 98.91
CityAnchor 32.45 51.72
CityVG 29.47 49.65

sive urban point clouds. To support this, we in-
troduce a contrastive fine-tuning strategy anchored
by a Visual Pairwise Scene Graph and an LLM-
driven clustering mechanism, which jointly mine
robust pseudo supervision for efficient retrieval.
Furthermore, we design a multi-trajectory reward-
based CoT mechanism that tightly couples paral-
lel reasoning with structured reward aggregation
for precise localization. Extensive experiments on
the CityRefer and CityAnchor benchmarks demon-
strate that CityVG achieves strong zero-shot per-
formance and competitive efficiency.
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Limitations

Despite its effectiveness, CityVG has limitations.
First, while the retrieval stage prunes the search
space, the reasoning stage remains dependent on
computationally intensive Vision-Language Mod-
els, which may scale poorly with a large number of
candidates or trajectories. Second, our framework
currently focuses on static object-level grounding,
overlooking temporal dynamics and multi-object
interactions essential for tasks like navigation. Fu-
ture work will focus on optimizing inference ef-
ficiency and extending the framework to model
dynamic, long-horizon scenarios.
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A Appendix

This appendix provides comprehensive supplemen-
tary materials to substantiate the findings presented
in the main manuscript. We detail the experimental
configurations, present extended quantitative and
qualitative analyses, and offer in-depth discussions
on system design and architectural choices. The
appendix is organized as follows:

• Section A.1: Datasets and Evaluation Metrics

• Section A.2: Additional Quantitative Results
on Indoor 3DVG

• Section A.3: Qualitative Comparison with Su-
pervised Methods

• Section A.4: Failure Case Analysis

• Section A.5: Candidate Image Sequence Con-
struction

• Section A.6: Systematic Design of Prompt
Templates

• Section A.7: Prompt Stage Ablation

• Section A.8: Effect of View Selection

• Section A.9: Effect of Vision-Language
Model Choice

• Section A.10: End-to-End 3D Visual Ground-
ing System

A.1 Datasets and Evaluation Metrics
CityRefer Benchmark. CityRefer is a promi-
nent city-scale 3D visual grounding benchmark
built upon the large-scale SensatUrban (Hu et al.,
2022) point cloud dataset. Covering an urban foot-
print exceeding 6 km2, it provides over 35,000 nat-
ural language expressions referring to 3D objects,
supplemented by more than 5,000 landmark anno-
tations derived from OpenStreetMap to facilitate
spatial reasoning. The grounding targets primar-
ily span four semantic categories: Building, Car,
Ground, and Parking.

CityAnchor Benchmark. CityAnchor is an-
other key benchmark constructed on top of the
STPLS3D (Chen et al., 2022) dataset, comprising
25 large-scale outdoor scenes manually annotated
with free-form textual descriptions. In total, it con-
tains 1,448 text–object grounding pairs. Compared
to CityRefer, CityAnchor presents a more diverse

set of object categories—including Building, Veg-
etation, Aircraft, Truck, Vehicle, LightPole, Fence,
StreetSign, and Bike—posing significant challenges
for open-vocabulary grounding and category-level
generalization.

Evaluation Metrics. We quantify grounding
performance using the 3D Intersection over
Union (IoU) between the predicted and ground-
truth bounding boxes. Formally, given a predicted
object ô and a ground-truth object o, the IoU is
defined as:

IoU(ô, o) =
Vol(ô ∩ o)

Vol(ô ∪ o)
. (8)

We report Acc@0.25 and Acc@0.50, which denote
the percentage of queries where the IoU exceeds
0.25 and 0.50, respectively.

A.2 Additional Quantitative Results on
Indoor 3DVG

Adapting CityVG to Indoor 3DVG. While
CityVG is tailored for city-scale environments, its
underlying retrieval-and-reasoning paradigm offers
versatile adaptability to indoor settings. Given
that indoor scenes typically lack dominant land-
marks and exhibit lower object density, we recali-
brate the Visual Pairwise Scene Graph by pivoting
from landmark-centric structures to direct object–
object relational graphs based on spatial proxim-
ity. Specifically, each object instance connects to
a localized set of neighbors, forming pairwise re-
lational contexts that replace the landmark-based
hierarchy. In this adapted context, the LLM-driven
graph module shifts focus from landmark grouping
to pairwise contextual consistency evaluation, as-
sessing whether instances share similar relational
patterns to mine pseudo-supervision. Accordingly,
we adjust the inference protocol by reducing the
candidate pool size to K = 4, optimizing for the
constrained complexity of indoor layouts. This
adaptation enables efficient grounding in indoor
scenes by preserving CityVG’s structural reasoning
capabilities without altering the overall framework.

Quantitative Analysis on ScanRefer. Table 4
presents the zero-shot performance on the Scan-
Refer validation set, where CityVG is compared
against fully supervised methods (Chen et al.,
2020; Yuan et al., 2021; Zhao et al., 2021; Jain
et al., 2022; Wu et al., 2023; Zhu et al., 2023;
Wang et al., 2024; Qian et al., 2024; Unal et al.,
2024), a weakly supervised approach (Wang et al.,
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Table 4: Comparison of 3DVG performance on the ScanRefer (Chen et al., 2020) validation set. Results are reported
for the “Unique” subset (single-target scenes), the “Multiple” subset (scenes with same-class distractors), and the
“Overall” split.

Method Venue Supervision Unique Multiple Overall
Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

ScanRefer ECCV’20 Fully 67.6 46.2 32.1 21.3 39.0 26.1
InstanceRefer ICCV’21 Fully 77.5 66.8 31.3 24.8 40.2 32.9
3DVG-T ICCV’21 Fully 77.2 58.5 38.4 28.7 45.9 34.5
BUTD-DETR ECCV’22 Fully 84.2 66.3 46.6 35.1 52.2 39.8
EDA CVPR’23 Fully 85.8 68.6 49.1 37.6 54.6 42.3
3D-VisTA ICCV’23 Fully 81.6 75.1 43.7 39.1 50.6 45.8
G3-LQ CVPR’24 Fully 88.6 73.3 50.2 39.7 56.0 44.7
MCLN ECCV’24 Fully 86.9 72.7 52.0 40.8 57.2 45.7
ConcreteNet ECCV’24 Fully 86.4 82.1 42.4 38.4 50.6 46.5
WS-3DVG ICCV’23 Weakly - - - - 27.4 22.0
LERF ICCV’23 Zero-Shot - - - - 4.8 0.9
OpenScene CVPR’23 Zero-Shot 20.1 13.1 11.1 4.4 13.2 6.5
LLM-G ICRA’24 Zero-Shot - - - - 17.1 5.3
ZSVG3D CVPR’24 Zero-Shot 63.8 58.4 27.7 24.6 36.4 32.7
VLM-Grounder CoRL’24 Zero-Shot 66.0 29.8 48.3 33.5 51.6 32.8
SeeGround CVPR’25 Zero-Shot 75.7 68.9 34.0 30.0 44.1 39.4
CityVG Ours Zero-Shot 78.4 73.9 49.6 43.2 57.8 51.3

2023a), and several zero-shot baselines (Kerr et al.,
2023; Peng et al., 2023; Yang et al., 2024; Yuan
et al., 2024; Xu et al., 2025a; Li et al., 2025b).
Despite being optimized for city-scale scenarios,
CityVG demonstrates remarkable cross-domain
generalization. In the Overall split, it achieves
57.8% Acc@0.25 and 51.3% Acc@0.50, surpass-
ing prior zero-shot baselines like ZSVG3D (36.4%
/ 32.7%) and VLM-Grounder (51.6% / 32.8%)
by a significant margin. Crucially, CityVG ex-
hibits strong robustness on the challenging Mul-
tiple subset—characterized by same-class dis-
tractors—achieving 49.6% Acc@0.25 and 43.2%
Acc@0.50. These results confirm that CityVG
effectively generalizes beyond its primary urban
scope, maintaining strong zero-shot grounding ca-
pability in indoor environments.

A.3 Qualitative Comparison with Supervised
Methods

Figure 7 compares the supervised baseline CityAn-
chor with CityVG across representative scenes. As
seen in cases (a) and (c), CityAnchor often ex-
hibits spatial drift on large structures despite full
supervision, suggesting a failure to capture long-
range spatial layouts. In contrast, CityVG produces
spatially coherent predictions by leveraging object–
landmark relations within the scene graph, accu-
rately localizing targets via their relative positions
to landmarks. For visually ambiguous objects in
dense environments (cases (b) and (d)), CityAn-

chor frequently mislocalizes targets due to clutter.
CityVG, however, robustly distinguishes targets
by employing reward-guided Chain-of-Thought
reasoning to enforce appearance and spatial con-
sistency. These results demonstrate that CityVG
achieves robust, semantically grounded localiza-
tion superior to supervised baselines, validating
the effectiveness of coupling graph-aware retrieval
with multi-path reasoning for zero-shot grounding.

A.4 Failure Case Analysis

Figure 8 illustrates representative failure cases
where CityVG generates a plausible reasoning
trace yet fails to ground the correct instance. Cru-
cially, the reasoning log is generated conditioned
on the selected candidate; thus, it may exhibit inter-
nal coherence even when the selection is factually
incorrect. This phenomenon underscores a criti-
cal challenge in prompt-driven reasoning: explana-
tions can be linguistically consistent without being
faithfully grounded in the physical target.

Failure Mode 1: Challenges in Dense Ordinal
Counting. In case (a), the query specifies a gray
car positioned “third from the left” within a row of
nine vehicles near a landmark. While the model
outputs a confident explanation matching the ordi-
nal constraint, the selected candidate is incorrect.
Such errors typically arise in highly repetitive envi-
ronments (e.g., dense parking lots), where identical
object appearances and tight spacing make ordinal
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Figure 7: Qualitative comparisons of the supervised method CityAnchor and the proposed framework CityVG. The
ground-truth and predicted boxes are displayed in blue and red, respectively.

spatial reasoning (e.g., “third-from-left”) highly
sensitive to slight viewpoint shifts and ambiguous
row definitions (Fig. 8(a)).

Failure Mode 2: Anchor Bias with Partial At-
tribute Matching. In case (b), the description
outlines a building with specific attributes (brown
roof, white walls) and context (road adjacency,
small lawn, nearby black car). The generated rea-
soning aligns convincingly with these features, yet
the prediction is wrong. This reflects a form of con-
firmation bias: once a candidate aligns with salient
primary attributes (e.g., roof color, road adjacency),
the model may prematurely commit to it, implicitly
treating secondary contextual elements (e.g., lawn,
car) as supporting evidence even when they belong
to a neighboring structure (Fig. 8(b)).

Failure Mode 3: Ambiguity in Weakly Distinc-
tive Contexts. Case (c) describes an empty rect-
angular parking lot near Fitzroy Lane, adjacent to
trees and a black-roofed building. The model’s
explanation matches these cues, but the localiza-
tion is incorrect. This error occurs when multiple
regions satisfy the same coarse semantic template
(e.g., “empty lot + trees + nearby dark roof”). In
such under-constrained scenarios, the reasoning
remains internally consistent but lacks sufficient

discriminative power to distinguish between visu-
ally similar regions (Fig. 8(c)).

Failure Mode 4: Multi-Scale Grouping Ambigu-
ity. In case (d), the query targets a red car that is
rightmost within a specific lane. The model pro-
vides a detailed relational explanation (citing left
neighbors and lane indices) but mislocalizes the tar-
get. This failure stems from inconsistent definitions
of structural groups (e.g., “lanes”) across scales.
Depending on whether the model groups vehicles
by row, structural level, or local cluster, the same
spatial arrangement can yield conflicting ordinal in-
dices, allowing the explanation to remain coherent
while referencing an incorrect grouping (Fig. 8(d)).

Discussion and Mitigation. These failures sug-
gest that while reward-based CoT enhances inter-
pretability, it does not guarantee factual faithful-
ness. Future mitigation strategies could include: (1)
Geometric Verification, introducing explicit consis-
tency checks for critical constraints (e.g., ordinality,
adjacency) directly from top-view projections; and
(2) Trajectory Consensus, penalizing candidates
that lack stability across independent reasoning
paths to reduce susceptibility to post-hoc rational-
ization.
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Figure 8: Representative failure cases where CityVG produces plausible reasoning traces but predicts incorrect
instances.

A.5 Candidate Image Sequence Construction

To support fine-grained and consistent visual rea-
soning, we construct an instance-centric image se-
quence for each candidate object by projecting the
city-scale point cloud into multiple 2D views. As
illustrated in Fig. 9, we first perform instance seg-
mentation on the input point cloud to obtain object-
level instances, from which an instance map is de-
rived.

For each candidate instance, we generate a set of
aligned images using instance-centric multi-scale
and multi-view projections. Specifically, the image
sequence consists of a raw instance-centric top-
down image R1, a landmark context image LM1,
and a set of multi-scale and multi-view images
{L1, L2, V1, V2}, where the target instance is con-
sistently highlighted with a red bounding box. The

landmark image captures the spatial relationship
between the target and its surrounding reference
structures, while the multi-scale images encode
contextual information at different spatial extents.
The multi-view images further complement the rep-
resentation by providing alternative viewing angles
to reduce ambiguity caused by occlusion or clutter.
All generated images are vertically concatenated in
a fixed order to form a unified visual stack. This
vertical concatenation enforces a consistent spatial
layout across all candidates and serves as shared
visual evidence for all reasoning trajectories in the
reward-based Chain-of-Thought inference stage.
By standardizing the image ordering and layout,
the model is encouraged to perform structured and
comparable reasoning over appearance, spatial re-
lations, and contextual cues, thereby improving
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Figure 9: Instance-centric image sequence generation. R1 denotes the raw instance-centric image, LM1 represents
the landmark context image, and {L1, L2, V1, V2} correspond to multi-scale and multi-view projections. The target
instance is highlighted with a red bounding box, and all images are vertically concatenated to form a unified visual
stack.

robustness in dense and complex urban scenes.

A.6 Systematic Design of Prompt Templates

Scene Description Generation Prompt. We em-
ploy a standardized CityRefer-style prompt to syn-
thesize grounding descriptions for each object–
landmark pair (see Fig. 10). The prompt imposes
a structured format that explicitly disentangles se-
mantic attributes into three components: object ap-
pearance (e.g., color, texture), local positional cues,
and landmark-centric spatial relations. Specifi-
cally, appearance details are inferred from instance-
centric and auxiliary views (R1, v1, v2), while spa-
tial placement is derived from multi-scale top-down
and landmark context views (l1, l2, LM1). This
view-specific constraint prevents semantic leakage,
ensuring that appearance attributes remain distinct
from spatial context. Consequently, the generated
descriptions function as normalized semantic ab-
stractions of the scene graph. The prompt is applied
uniformly across all datasets without manual tun-
ing, facilitating scalable generation and ensuring
reproducibility for downstream graph clustering.

Graph Clustering Score Prompt. We utilize a
fixed prompt to quantify the semantic compatibility
between object descriptions and landmark concepts

during graph clustering (see Fig. 10). The prompt
instructs the language model to compute a com-
posite similarity score by jointly weighing three
factors: category consistency, landmark semantics,
and appearance compatibility. This unified scalar
signal reflects both intrinsic object attributes and
their relational plausibility within the landmark
context. Crucially, the prompt enforces a strict
JSON output format to ensure deterministic parsing
and stable score extraction. This standardized ap-
proach allows us to scalably construct high-quality
positive and negative clusters for contrastive fine-
tuning without relying on explicit supervision.

Multi-Trajectory Reward-Based CoT Prompt.
A structured multi-stage prompt guides the fine-
grained reasoning process (see Fig. 11). The
prompt decomposes grounding into three sequen-
tial verification stages: category matching, appear-
ance matching, and spatial relation matching. Each
stage imposes strict visual constraints, ensuring
that decisions are grounded in relevant evidence.
The Vision-Language Model is instructed to out-
put explicit judgments for each stage, which are
mapped to binary scores and aggregated into a
scalar reward. This reward functions as a self-
evaluation signal, allowing the model to rank can-
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Figure 10: Prompt for Scene Description Generation and Graph-Aware Clustering Scoring.

didates across multiple reasoning trajectories and
select the optimal target. The specific reasoning
process and result are seen in Fig. 12. Notably,
while we employ reward terminology, no parameter
updates occur during inference; the reward serves
solely as a decision criterion to regularize Chain-
of-Thought reasoning and mitigate hallucination.
This prompt template is consistently applied across
all experiments to ensure fair evaluation.

A.7 Prompt Stage Ablation

Motivation. Our inference protocol utilizes a
structured three-stage prompt to sequentially verify
category, appearance, and spatial relations, aggre-
gating these judgments into a unified reward. Given
the latent reasoning capabilities of modern Vision–
Language Models, we investigate the necessity of
this explicit decomposition. We perform ablation
studies by selectively disabling individual verifi-
cation stages while holding the candidate set and
backbone model constant. Performance is evalu-
ated using Acc@0.50 on the CityRefer benchmark.

Results. Table 5 details the impact of each veri-
fication component. Variants (a)–(c) represent the
exclusion of category, appearance, and spatial ver-
ification, respectively. The removal of any single
stage consistently degrades performance relative
to the full framework. Notably, omitting spatial

reasoning (variant (c)) results in the most signifi-
cant drop (to 41.30% Acc@0.50), underscoring the
critical role of spatial context in urban grounding.
The exclusion of appearance (b) or category (a) ver-
ification yields moderate yet distinct performance
penalties. Crucially, the non-catastrophic nature
of these drops confirms the VLM’s inherent capac-
ity for implicit reasoning. However, the superior
performance of the full three-stage design (44.13%
Acc@0.50) demonstrates that explicit, stage-wise
verification enforces systematic constraints, ensur-
ing more reliable disambiguation in complex envi-
ronments populated by visually similar distractors.

A.8 Effect of View Selection
Figure 13 analyzes the complementary roles of top-
view and oblique view representations. Top-view
projections provide stable global spatial cues, while
oblique views capture fine-grained appearance de-
tails from ground-level perspectives. Combining
these views enables CityVG to jointly reason about
spatial layout and visual attributes during inference.

A.9 Effect of Vision–Language Model Choice
Table 6 investigates the impact of the backbone
Vision-Language Model (VLM) on reasoning per-
formance. As expected, the models with stronger
multi-modal reasoning capabilities yield higher ac-
curacy. Specifically, Doubao-Seed-1.6 achieves
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Figure 11: Prompt for Multi-Trajectory Reward-Based Chain-of-Thought Reasoning.

Table 5: Prompt-stage ablation on CityRefer (Acc@0.50). “Category”, “Appearance”, and “Spatial” denote whether
category verification, appearance verification, and spatial relation verification are explicitly enforced in the prompt.

Prompt Variant Category Appearance Spatial Acc@0.50
(a) ✗ ✓ ✓ 43.05
(b) ✓ ✗ ✓ 42.22
(c) ✓ ✓ ✗ 41.30

CityVG ✓ ✓ ✓ 44.13

Table 6: Ablation study of the VLM used for inference.

VLM Acc@0.50
Qwen2-VL-72B 33.25

GPT-4o 40.34
Doubao-1.5-vision-pro 41.54

Qwen3-VL-Plus 43.07
Doubao-Seed-1.6 44.13

the best performance (44.13% Acc@0.50), slightly
outperforming Qwen3-VL-Plus (43.07%) and sig-
nificantly surpassing Qwen2-VL-72B (33.25%).
Notably, even general-purpose models like GPT-
4o achieve competitive results (40.34%), confirm-
ing the robustness of our reward-based Chain-of-
Thought mechanism. These results demonstrate
that while CityVG benefits from advanced VLMs,
its core framework is model-agnostic and consis-
tently effective across diverse architectures.

A.10 End-to-End 3D Visual Grounding
System

We present an end-to-end 3D visual grounding sys-
tem built upon the CityVG framework to demon-
strate its practical applicability in real-world sce-
narios. As illustrated in Fig. 14, the system pro-
cesses a raw city-scale point cloud and a natural
language query through a unified pipeline to local-
ize target objects automatically. Upon selecting a
scene in the interactive 3D viewer, users provide
a free-form description specifying appearance at-
tributes and spatial relations. The system then trig-
gers the annotation-free CityVG pipeline: first, the
retrieval module aligns the query with urban scene
graph representations to isolate high-probability
candidates; subsequently, the reasoning module ex-
ecutes reward-based multi-path Chain-of-Thought
inference to ground the target object. The final
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Figure 12: Reasoning Process of Multi-trajectory Reward-based CoT Mechanism.

Figure 13: Complementary roles of top-view and
oblique-view representations.

output highlights the predicted 3D bounding box
within the scene, accompanied by an interpretable
reasoning log detailing the selection logic. This
transparent design facilitates user inspection while
maintaining fully automated inference. Overall,
this demonstration validates CityVG’s capability to

seamlessly integrate scalable retrieval and robust
reasoning into a unified, zero-shot system, under-
scoring its potential for practical city-scale applica-
tions.
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Figure 14: End-to-End demonstration of the CityVG 3D visual grounding system.
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