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Abstract
Cross-view Referring Expression Comprehension
(REC) requires a model to accurately localize ob-
jects in a spatial representation of one perspec-
tive based on descriptions generated from a differ-
ent perspective. Essentially, it demands maintain-
ing referential consistency under perspective shifts.
This problem is prevalent in engineering applica-
tion scenarios (e.g., Geographic Information Sys-
tems (GIS), urban planning, etc), where descrip-
tions are typically generated from a top-down or
planning view, while targets must be identified in
a spatial representation distinct from the source.
However, existing methods often assume shared
perspectives or rely on an explicit observer to in-
terpret observer-centric spatial relations (e.g., ”left-
/right” of the observer). Consequently, they strug-
gle to handle cross-view grounding cases com-
monly arising in engineering application scenar-
ios, where descriptions are defined by the source-
view representation itself and do not involve any
observing subject. To this end, we propose a
novel Subject-Agnostic Cross-View REC task and
construct a controlled simulation environment to
systematically study referential consistency under
perspective changes. Methodologically, we pro-
pose a Cross-View Bidirectional Reward Learning
framework. By imposing mutually constraining
reward signals on the grounding and localization
results between the source and target views, we
guide the model to maintain referential consistency
across different view representations. Experimen-
tal results show that our method significantly out-
performs baselines in multiple cross-view settings,
exhibiting more stable generalization performance
under perspective shifts.

1 Introduction
Referring expression comprehension (REC) aims to enable
intelligent systems to uniquely identify the intended target
object through natural language descriptions [Chen et al.,

∗Corresponding author.

2025]. As a fundamental task in multimodal perception and
visual understanding, this task requires not only accurate se-
mantic interpretation of language, but more importantly, the
establishment of stable and reliable correspondences between
linguistic descriptions and concrete objects. Such capabili-
ties are essential for supporting perception, interaction, and
decision-making in real-world applications. Existing stud-
ies have achieved significant progress on this task, largely
under the assumption that natural language descriptions and
perceptual inputs share the same view [Yang et al., 2025;
Deng et al., 2021]. Under this same-view paradigm, the spa-
tial relations and attributes expressed in referring expressions
can be mapped to object features in the current perceptual
view, enabling direct alignment between language and vision.

As intelligent systems are increasingly deployed in com-
plex application scenarios, REC faces growing demands.
Among these challenges, the inconsistency between the view
in which referring expressions are generated and the percep-
tual view of target objects has become particularly prominent.
To address this view inconsistency, a line of research has
primarily focused on human–computer interaction scenarios,
where an observing subject is explicitly modeled [Bu et al.,
2025]. By introducing the subject’s position and orientation,
referring expressions defined in the human view are reinter-
preted as spatial relations in the machine view, with seman-
tics relying on the subject-defined spatial reference frame,
such as in expressions like “the second object to the left of
the subject”. However, beyond human–computer interaction,
there exist a large number of subject-agnostic engineering ap-
plication scenarios, including GIS, urban management, and
engineering inspection. In these settings, referring expres-
sions are not generated by any observing subject, but instead
serve engineering purposes such as planning, localization,
and inspection [Earl et al., 2000; Gunes and Kovel, 2000;
Wang et al., 2025]. For example, in urban management sys-
tems, referring expressions can be defined on map-based or
GIS-style views to indicate buildings that require inspection;
in engineering inspection tasks, referring descriptions speci-
fied in top-down layouts can guide automated systems to lo-
cate specific facilities in ground-level perception views. As il-
lustrated in Fig. 1, the referring expression “The curved build-
ing adjacent to the circular plaza on its left side, serving as the
primary boundary structure of the plaza.” is generated from a
top-down map representation, whereas the target task is to lo-
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Figure 1: An example of subject-agnostic cross-view REC, where
a target object is described in a map-based view and localized in a
ground-level perception view.

calize the corresponding building in the ground-level percep-
tion view and perform subsequent search or maintenance op-
erations. Under this setting, referential semantics are entirely
defined by the geometric properties of objects and their re-
lational structure with surrounding elements, rather than any
subject-centered perspective. When the view transitions from
a top-down representation to a ground-level perception view,
referential semantics can no longer be grounded in a subject-
based reference frame, but instead must be recovered through
the alignment and reasoning over object relations across dif-
ferent view representations. As a result, existing subject-
centric REC methods are difficult to apply directly.

In this paper, we focuse on subject-agnostic cross-view
REC, which does not rely on any form of observer model-
ing. Unlike human–computer interaction scenarios, this set-
ting emphasizes understanding and preserving referential se-
mantic consistency across different view representations. A
primary challenge of this task lies in the lack of large-scale
datasets with consistent annotations in real-world scenarios.
Application domains such as geographic information systems
(GIS), urban management, and engineering inspection are of-
ten constrained by data acquisition costs, privacy and com-
pliance requirements, as well as the complexity of synchro-
nized multi-view collection, making it difficult to systemati-
cally construct paired multi-view images with corresponding
referring expressions. To address this limitation, we construct
a controlled simulated environment that generates diverse
spatial configurations by composing modular elements with
varying shapes, categories, and layouts. This construction
follows a widely adopted practice in the community, as exem-
plified by synthetic datasets such as CLEVR [Johnson et al.,
2017]. Within this environment, we simultaneously collect
top-down and frontal images, where referring expressions are
generated based on the top-down view, while the target ob-
jects must be localized in the frontal view. It is important
to emphasize that this simulated environment is not intended
to simplify the task. Instead, it allows for systematic control
over key structural factors involved in cross-view referring
expression comprehension, e.g., object relations, global lay-
out, and view variation, thereby avoiding confounding vari-
ables that are difficult to disentangle in real-world data.

Based on the above simulated environment, we propose
a subject-agnostic cross-view referential grounding method
built upon a multimodal large language model, termed
ReCoG (Relational Consistency Grounding). Motivated by
the strong performance of existing multimodal models under
same-view grounding, we introduce language as an explicit
intermediate representation to facilitate semantic alignment
across different views. ReCoG adopts object-to-object rela-
tional consistency as its core modeling principle and lever-
ages reinforcement learning to explicitly enforce the preser-
vation and alignment of referential semantics across hetero-
geneous view representations, without relying on any form
of observer modeling or explicit geometric transformations.
Specifically, ReCoG first generates a referring description in
the target view that depends solely on inter-object relations,
thereby reconstructing the referential semantics defined in the
source view. The model then localizes the target object based
on this relation-consistent description. Through this decou-
pled formulation of relation reconstruction followed by ob-
ject localization, ReCoG explicitly encourages the model to
prioritize object relations that remain stable under viewpoint
changes. To further ensure referential consistency across
views, ReCoG introduces a reinforcement learning–based
bidirectional consistency optimization mechanism. During
training, the model is not only required to achieve accurate
localization in the target view, but also to perform a reverse
grounding process that mirrors the forward procedure: the
relation-based referring description generated in the target
view is fed back into the source view, where the model must
ground it again to uniquely identify the original target ob-
ject. By jointly enforcing reward constraints on both the for-
ward and backward grounding processes, the model is com-
pelled to learn referring expressions that are valid and consis-
tent across different view representations, thereby achieving
robust cross-view semantic alignment. Experimental results
demonstrate that ReCoG maintains stable referential consis-
tency under complex viewpoint changes and significantly out-
performs direct cross-view grounding approaches.

To summarize, our contributions are as follows:
• We introduce, for the first time, a subject-agnostic cross-

view referring expression comprehension problem, where
referential semantics are defined in a planning-style top-down
view while target objects must be localized in a ground-level
perceptual view.

• We construct a structurally controlled cross-view refer-
ring expression dataset that covers object relations, global
layouts, and view variations, providing a standardized bench-
mark for studying relation-driven cross-view grounding.

• We propose a relation-consistency–driven structured re-
inforcement learning approach that explicitly enforces bidi-
rectional cross-view referential consistency, significantly out-
performing same-view assumption methods under complex
view transformations.

2 Related Work
REC aims to localize specific objects within visual content
based on natural language descriptions [Qiao et al., 2020;
Li et al., 2021; Wu et al., 2023; Yuan et al., 2025]. The
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mainstream research paradigm predominantly operates un-
der a same-view assumption, where the linguistic expres-
sion and the visual perception share an identical spatial
reference frame [Yu et al., 2016; Kamath et al., 2021;
Kang et al., 2025; Wang et al., 2024]. While effective for
standard retrieval, these methods struggle in realistic engi-
neering and embodied scenarios where the viewpoint of de-
scription generation deviates from that of visual perception
[Li et al., 2016; Pramanick et al., 2022; Yuan et al., 2026b].
In such cases, the spatial relations encoded in language can-
not be directly mapped onto the current perceptual view, cre-
ating a significant gap in semantic alignment.

To address viewpoint disparities, recent studies have ex-
panded into cross-view settings, often focusing on reconcil-
ing disparate perspectives between a speaker and an agent
[Pramanick et al., 2022; Chen et al., 2023; Yuan et al.,
2026a]. For example, [Huang et al., 2022] propose language-
driven robot manipulation that resolves perspective ambiguity
through scene descriptions. More recently, [Bu et al., 2025]
introduce a human-centric REC task, employing a Top-view
Enhanced Perspective transformation to interpret instructions
generated from a human’s perspective that differs from the
robot’s egocentric view. However, these approaches are fun-
damentally observer-centric. They rely on modeling a spe-
cific subject to interpret relative directional commands (e.g.,
“on my left”), limiting their applicability in subject-agnostic
domains like GIS or engineering inspection, where descrip-
tions are view-defined rather than user-defined. Distinguish-
ing our work from observer-centric methods, we address a
subject-agnostic cross-view REC task where referential se-
mantics rely solely on structural object-to-object relations de-
fined in the source view, independent of any observer’s pose.

3 Data Construction
In this paper, we construct a controlled cross-view referential
dataset. The dataset is designed to simulate the discrepancy
between map-based or GIS-style representations and ground-
level perception views, providing a controllable and scalable
testbed for analyzing cross-view grounding mechanisms.

Cross-view Scene and Referring Expression Construc-
tion. Ideally, subject-agnostic cross-view referential under-
standing should be investigated using real-world data from
domains such as GIS and engineering inspection. However,
constructing large-scale datasets for such settings remains im-
practical due to the high cost of synchronized multi-view ac-
quisition, strict privacy and compliance constraints, and the
lack of consistent cross-view referential annotations. Given
these limitations, we construct cross-view referential scenes
in a controlled laboratory environment. Each scene is com-
posed of blocks with diverse geometric shapes, colors, and
sizes, arranged in non-regular layouts to form varied spatial
configurations. This design avoids rigid templates and intro-
duces object interference and relational ambiguity observed
in real-world engineering scenarios.

For each scene, two views are captured simultaneously:
i) a source (top-down) view, simulating map-based, plan-
ning, GIS-style, or schematic representations, and ii) a target
(frontal) view, simulating ground-level perception observa-

Figure 2: A sample of a dataset we constructed.

tions. No explicit geometric alignment or coordinate transfor-
mation between the two views is provided, preventing models
from relying on simple viewpoint mappings.

Referring expressions are generated exclusively based on
the top-down view. For each scene, a target object is first
selected in the source view, followed by annotating a natural-
language expression that uniquely identifies the target. Im-
portantly, all expressions strictly follow a subject-agnostic
principle and do not include any observing subject, orien-
tation information, or first-person references. Instead, ref-
erential semantics are anchored to object-to-object relations
defined in the source-view layout.

Each referring expression contains one or more of the fol-
lowing information dimensions: i) appearance attributes of
the target object (e.g., shape, color, or relative size); ii) the
target object’s relative region or position in the top-down
layout; iii) relational constraints between the target object
and other distinguishable objects (e.g., adjacency or relative
placement). This protocol ensures that referential semantics
encode structural relations rather than subjective viewpoints.

Dataset Scale and Structural Difficulty Split The con-
structed dataset contains a total of 5,900 samples. Each sam-
ple consists of a source view image, a target view image, and
one referring expression. Figure 2 illustrates a representative
example. The referring expression is generated from the top-
down view based on object geometry and spatial relations,
while the target object must be localized in the frontal view,
where appearance and visibility differ substantially. This ex-
ample highlights the core challenge of subject-agnostic cross-
view referential grounding studied in this work.

To systematically evaluate model performance under dif-
ferent levels of structural complexity, we divide the dataset
based on the number of objects present in each scene: i)
sparse scenes, where the number of objects is no greater than
four, and ii) dense scenes, where more than four objects are
present, resulting in increased relational complexity and ob-
ject interference. Under this split, the dataset is composed of:
612 sparse scenes, all of which are used for testing; and 5,288
dense scenes, from which 612 scenes are randomly selected
for testing and others are used for training.

This setting ensures that the test set covers both low- and
high-complexity scenarios, while training primarily relies on
structurally complex scenes, enabling a more rigorous evalu-
ation of cross-view relational generalization.
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Figure 3: Overview of ReCoG. It performs subject-agnostic cross-view REC via a bidirectional generation-and-grounding pipeline.

4 Method
In this paper, we aim to align linguistic semantics with tar-
get objects under mismatched viewpoints between expression
generation and visual perception. Formally, given a referring
expression qs generated from a source-view representation
(e.g., a top-down view, a planning view), and a visual ob-
servation It captured from a target perception view (e.g., a
front-facing or local view), the goal is to localize the referred
object in It and output its corresponding spatial representa-
tion bt, such as a bounding box or coordinate position.

4.1 Relational Consistency Grounding (ReCoG)
We introduce Relational Consistency Grounding (ReCoG),
a subject-agnostic framework for cross-view referential
grounding. As illustrated in Figure 3, the core principle of
ReCoG is to explicitly enforce the preservation of relational
semantics across heterogeneous viewpoints through a bidi-
rectional consistency mechanism.

Specifically, ReCoG decomposes cross-view grounding
into a forward–backward semantic loop. In the forward di-
rection (green arrows in Figure 3), the model transfers the
referring semantics defined in the source view to the target
view, reconstructs the relational representation of the target
object under the new viewpoint, and predicts its spatial local-
ization accordingly. In the backward direction (blue arrows),
the model maps the target-view relational description back
to the source view and verifies whether it can still uniquely

re-identify the original object. This closed-loop formulation
forces the model to learn object-centric relational represen-
tations that remain stable under viewpoint changes, thereby
enabling genuine cross-view semantic alignment rather than
view-specific pattern matching.

Formally, given a source-view referring expression qs and
a target-view image It, the objective is to localize the cor-
responding object in the target view. Instead of producing a
single deterministic prediction, we cast cross-view grounding
as a stochastic decision-making process. A model parameter-
ized by θ defines a conditional policy

πθ(bt | qs, It), (1)

where bt denotes a candidate target-view localization. During
training, multiple localization hypotheses are sampled under
the same input condition, allowing the model to explore di-
verse cross-view alignment possibilities (see Figure 3).

Crucially, for each sampled localization, the model addi-
tionally generates an intermediate target-view referring de-
scription that characterizes the object in terms of its attributes
and relations to surrounding entities. This description is
strictly subject-agnostic, avoiding observer-dependent spatial
references, and serves as a compact semantic abstraction of
the object under the target viewpoint. Notably, this interme-
diate description is not supervised explicitly as a reasoning
trace; instead, it functions as a latent semantic carrier through
which cross-view consistency is enforced.

To operationalize relational consistency, ReCoG intro-
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duces a reinforcement learning-based bidirectional grounding
objective. During training, the target-view intermediate de-
scription generated from a candidate localization is grounded
back to source view, where the model attempts to re-localize
the original object. This forward (source-to-target) and back-
ward (target-to-source) grounding procedure forms a closed
semantic loop. Candidate predictions are rewarded only if
they yield consistent object localization across both views,
thereby discouraging spurious or view-specific alignments.

The overall framework is optimized using structured re-
inforcement learning with group-wise sampling, where mul-
tiple candidate predictions are evaluated relative to one an-
other under identical input conditions. This design enables
stable and efficient learning of cross-view relational ground-
ing without requiring explicit cross-view correspondence su-
pervision. At inference time, ReCoG performs only the for-
ward grounding process. Following the structured reasoning
pathway illustrated in the framework (i.e., the ⟨Think⟩ block),
the model generates a relation-driven target-view referring
description and predicts the object localization accordingly,
without invoking backward verification.

4.2 Reward Design
To optimize subject-agnostic cross-view REC under limited
supervision, we design reward functions that explicitly en-
force cross-view localization consistency.
Forward Visual Grounding Reward Given an input pair
(qs, It), our policy model generates a set of candidate target-
view predictions via group-wise sampling. Although the
policy model itself is capable of producing end-to-end lo-
calization outputs through a thought chain process (i.e., the
<Think> block), directly evaluating its own predictions dur-
ing reinforcement learning would tightly couple generation
and reward signals, leading to unstable optimization. To pro-
vide a stable and reliable evaluation signal, we introduce a
fixed reference model, which is a strong multimodal model
trained for same-view referring expression grounding.

Specifically, the expression generated by the policy model
is passed to the reference model together with the target-
view image It, and the reference model performs same-view
grounding to produce a predicted bounding box b

(k)
t . The for-

ward grounding reward is then computed by comparing this
prediction with the ground-truth target-view localization b∗t
using generalized Intersection-over-Union (gIoU):

R
(k)
fwd = gIoU

(
b
(k)
t , b∗t

)
. (2)

Compared to standard IoU, gIoU provides informative gra-
dients even when predicted and ground-truth boxes do not
overlap, thereby stabilizing reinforcement learning optimiza-
tion. Importantly, this reward evaluates the quality of cross-
view relation reconstruction, rather than replacing the local-
ization capability of the policy model itself.
Backward Cross-view Consistency Reward To further
enforce cross-view semantic consistency, we introduce a
backward consistency reward that mirrors the forward
grounding process. For each candidate prediction, the pol-
icy model generates a target-view referring expression as de-
scribed above. This expression is then grounded back to the

source view by the Reference Model, producing a source-
view localization b̂

(k)
s .

The backward reward evaluates whether this reverse
grounding recovers the source-view target localization b∗s:

R
(k)
bwd = gIoU

(
b̂(k)s , b∗s

)
. (3)

The forward and backward grounding processes are struc-
turally symmetric. A candidate prediction receives a high
backward reward only if the generated target-view descrip-
tion remains valid when mapped back to the source view,
thereby uniquely identifying the original target object.

The policy model remains responsible for cross-view se-
mantic modeling and final target localization, while the ref-
erence model is used exclusively during training as a frozen
evaluator that provides stable same-view grounding feedback.
The IoU-based rewards obtained from the reference model re-
flect how well the policy model’s generated referring expres-
sions encode cross-view relational semantics.
Overall Reward The overall reward for each candidate lo-
calization is defined as a weighted combination of the forward
grounding reward and the backward consistency reward:

R(k) = R
(k)
fwd + λR

(k)
bwd, (4)

where λ controls the contribution of backward consistency. In
practice, λ is set to a moderate value to ensure that target-view
localization accuracy remains the dominant objective while
still enforcing cross-view consistency.
Group-wise Relative Optimization For the optimization
of RL, we adopt a group-wise relative optimization strategy
to reduce sensitivity to reward scale. For a candidate set B
generated under the same input condition, we compute the
group-wise mean and standard deviation of rewards:

µ =
1

K

K∑
k=1

R(k), σ =

√√√√ 1

K

K∑
k=1

(
R(k) − µ

)2
. (5)

The normalized relative advantage for the b
(k)
t is defined as:

A(k) =
R(k) − µ

σ + ϵ
, (6)

where ϵ is a small constant for numerical stability. Policy
updates are guided by these relative advantages, encouraging
candidates that outperform others within the same group and
improving training stability and sample efficiency.

4.3 Training and Inference Procedure
During training, the model is optimized with structured re-
inforcement learning using group-wise sampling. For each
sample, multiple target-view localization candidates are gen-
erated under the same input and jointly evaluated by the re-
ward functions in Section 4.2, which assess grounding qual-
ity and cross-view consistency through forward–backward
grounding. Model parameters are updated with group-wise
relative advantages, while curriculum learning progressively
introduces more structurally complex scenes.

During inference, the policy model first performs chain-of-
thought reasoning, then predicts the target object localization
in the target view given a source-view referring expression
and a target-view image.
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Model Scene Type mIoU Acc@0.3 Acc@0.5 Acc@0.7 Acc@0.9

Claude Haiku 4.5 [Anthropic, 2025] Sparse 17.84 25.82% 24.18% 11.76% 0.00%
Dense 26.18 40.52% 29.74% 14.05% 0.33%

GPT5 mini [OpenAI, 2025] Sparse 29.33 51.10% 20.96% 4.04% 0.00%
Dense 31.74 53.75% 25.30% 4.35% 0.40%

Gemini-3-Flash [Gemini, 2025] Sparse 21.76 29.73% 28.38% 17.57% 0.00%
Dense 19.67 25.42% 22.71% 17.63% 0.34%

Qwen3-VL-2B [Bai et al., 2025] Sparse 33.51 43.14% 43.14% 35.29% 0.00%
Dense 38.91 47.06% 47.06% 43.79% 4.58%

Qwen3-VL-4B [Bai et al., 2025] Sparse 22.25 28.76% 28.76% 24.84% 0.00%
Dense 29.34 36.27% 35.95% 33.99% 2.61%

Qwen3-VL-8B [Bai et al., 2025] Sparse 44.44 58.17% 58.17% 49.02% 0.00%
Dense 41.49 51.63% 50.98% 47.39% 3.59%

Qwen3-VL-2B-ft Sparse 65.03 73.53% 73.53% 73.20% 28.07%
Dense 66.79 74.18% 73.86% 73.86% 30.18%

Qwen3-VL-2B-RL Sparse 67.02 76.47% 76.47% 76.14% 29.32%
Dense 68.45 76.14% 75.49% 75.49% 27.82%

ReCoG-2B w/o Generated RefExp Sparse 66.92 76.88% 75.44% 73.02% 22.14%
Dense 68.94 78.02% 76.88% 75.44% 31.26%

ReCoG-2B w/o Backward Consistency Reward Sparse 63.84 73.12% 71.94% 69.21% 18.37%
Dense 65.27 74.83% 73.41% 70.92% 25.11%

ReCoG-2B Sparse 71.03 80.56% 80.56% 79.90% 32.52%
Dense 73.38 82.19% 81.70% 81.21% 43.46%

ReCoG-4B Sparse 80.92 92.81% 92.81% 92.16% 29.52%
Dense 76.69 86.60% 86.60% 85.78% 37.75%

Table 1: Model performance comparison on sparse and dense scenes. For each scene type (Sparse/Dense), the best result in each column is
highlighted in bold, and the second-best result is underlined.

5 Experiments
Setting. We adopt Qwen3-VL [Bai et al., 2025] as the
backbone of our ReCoG. During the reinforcement learning
phase, sixteen candidate outputs are generated for each sam-
ple for relative reward calculation and policy optimization,
thereby encouraging the model to explore a variety of cross-
view alignment strategies.

Evaluation Metrics. Following research in the REC field
[Li et al., 2025], we use mIoU and Acc@τ at different thresh-
olds to evaluate model performance. The mIoU measures
the average overlap between predicted bounding boxes and
ground-truth boxes across the test set. Acc@τ denotes the
proportion of samples whose predicted IoU exceeds a given
threshold τ (e.g., 0.3, 0.5, 0.7, and 0.9).

Comparison Models and Variants. We compare our
method with several categories of models, including Pre-
trained multimodal models, a fine-tuned model, and rein-
forcement learning-based variants.

Pretrained multimodal models, including Claude Haiku 4.5
[Anthropic, 2025], GPT-5-mini [OpenAI, 2025], Gemini-3-
Flash [Gemini, 2025], and Qwen3-VL-2B/4B/8B are eval-
uated as zero-shot baselines to assess the generic cross-view

grounding capability of current systems without task-specific
adaptation. Qwen3-VL-2B-fine-tuned models (ft) further
adapt the backbone to the proposed task using supervised
learning, but still rely on direct grounding without enforc-
ing cross-view relational consistency. The Qwen3-VL-2B-
RL adopts GRPO-based [Shao et al., 2024] single-direction
reinforcement learning [Yan et al., 2025], where target-view
localization is optimized conditioned on source-view REC
only. In contrast, our ReCoG-RL introduces structured re-
lational reasoning and bidirectional consistency training.

To further analyze the contribution of each component,
we conduct two ablation studies. ReCoG-2B w/o Gener-
ated RefExp removes the intermediate generation of target-
view referring expressions and directly predicts bounding
boxes, disabling explicit relational grounding through lan-
guage. ReCoG-2B w/o Backward Consistency Reward re-
moves the backward grounding process from the target view
back to the source view, eliminating bidirectional consistency
constraints during reinforcement learning.

5.1 Results and Analysis
Table 1 summarizes the quantitative results of different mod-
els on both Sparse and Dense scenarios. We will analyze the
results from the following aspects.
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Figure 4: A sample of a dataset we constructed.

Sparse vs. Dense Scenes. Dense scenes pose substan-
tially greater challenges than Sparse scenes due to increased
object interference and relational ambiguity. Most base-
line models exhibit notable performance degradation under
Dense settings, particularly at stricter localization thresh-
olds. For example, Claude Haiku 4.5 achieves only 0.33%
Acc@0.9 in Dense scenes, while GPT5 mini and Gemini-
3-Flash show similarly limited high-IoU performance. In
contrast, our ReCoG models maintain strong robustness un-
der Dense conditions. ReCoG-2B achieves 73.38 mIoU
and 43.46% Acc@0.9 in Dense scenes, demonstrating that
relation-driven consistency modeling is especially effective
in structurally complex environments.

General-Purpose Pre-trained Multimodal Models.
General-purpose multimodal large models perform poorly
in zero-shot cross-view grounding. Although GPT5 mini
and Gemini-3-Flash attain moderate Acc@0.3 scores, their
Acc@0.7 and Acc@0.9 rapidly collapse (e.g., below 5% in
Sparse scenes for GPT5 mini). These results indicate that
generic vision–language capabilities alone are insufficient for
reliable cross-view referential localization without explicit
relational alignment mechanisms.

Effect of Fine-Tuning. Task-specific fine-tuning substan-
tially improves performance over pretrained models. Qwen3-
VL-2B-ft improves mIoU from 33.51 to 65.03 in Sparse
scenes and reaches 66.79 in Dense scenes. However, its high-
threshold localization remains limited (Dense Acc@0.9 at
30.18%), suggesting that supervised fine-tuning alone cannot
fully enforce cross-view relational consistency.

Model Parameter Scale Comparison. Increasing model
parameter scale does not guarantee better cross-view ground-
ing. While Qwen3-VL-8B improves over smaller pretrained
variants in Sparse scenes (44.44 mIoU), its Dense-scene per-
formance degrades to 41.49 mIoU with Acc@0.9 remaining
below 4%. In contrast, ReCoG-2B and ReCoG-4B consis-
tently outperform larger pretrained models, highlighting that
relational consistency modeling is more critical than parame-
ter scale for this task.

Comparison of Reinforcement Learning Strategies. Dif-
ferent reinforcement learning designs lead to markedly differ-
ent outcomes. Qwen3-VL-2B-RL employs single-direction
GRPO optimization and achieves 27.82% Acc@0.9 in Dense
scenes. ReCoG further introduces structured reasoning and

bidirectional consistency training, explicitly enforcing ref-
erential alignment across views. This results in substantial
gains, with ReCoG-2B improving Dense Acc@0.9 to 43.46%
and ReCoG-4B reaching 92.16% Acc@0.7 in Sparse scenes.
These results confirm that reward-driven relational consis-
tency is the key factor behind the performance improvements.
Ablation Analysis We further analyze the contribution of
key components in ReCoG through two ablation settings. Re-
moving the intermediate generation of target-view referring
expressions (ReCoG-2B w/o Generated RefExp) leads to a
clear performance drop, with mIoU decreasing from 71.03
to 66.92 on sparse scenes and from 73.38 to 68.94 on dense
scenes. This indicates that explicitly reconstructing relation-
consistent textual descriptions plays a critical role in bridging
cross-view semantic gaps. When the backward consistency
reward is removed (ReCoG-2B w/o Backward Consistency
Reward), performance further degrades (mIoU 63.84 / 65.27
on sparse/dense scenes), demonstrating that enforcing bidi-
rectional grounding consistency is essential for maintaining
stable referential semantics across views.

6 Case Study
Figure 4 illustrates a representative cross-view referring ex-
ample comparing our method with several pretrained base-
lines. As shown in the right panel, pretrained multimodal
models—including GPT-5, Claude, Gemini, and Qwen—fail
to localize the correct target and instead drift toward visually
salient but relationally inconsistent objects. This behavior
stems from their reliance on local appearance cues and weak
spatial heuristics, without an explicit mechanism to enforce
relational consistency across views, leading to ambiguous or
incorrect grounding under viewpoint changes.

In contrast, our method accurately localizes the red spher-
ical object by explicitly modeling object-to-object relational
structure rather than relying on isolated appearance cues or
keyword matching in the referring expression. Crucially, the
effectiveness of our approach stems from its bidirectional
consistency mechanism: the model is required not only to
ground a relation-consistent description in the target view, but
also to ensure that this description can be grounded back to
the source view and still uniquely identify the original target.

7 Conclusion
This paper addresses the fundamental challenge of preserv-
ing relational semantics under viewpoint changes in subject-
agnostic cross-view REC. We propose a structured reinforce-
ment learning framework that explicitly models relation-
driven cross-view semantics and enforces bidirectional con-
sistency, enabling referential meanings to remain valid when
transferred between heterogeneous view representations. To
support systematic analysis, we further construct a controlled
cross-view referential dataset with varying structural com-
plexity. Extensive experiments demonstrate that our ap-
proach consistently outperforms pretrained multimodal mod-
els and existing reinforcement learning variants, especially
in structurally complex scenes, highlighting the effectiveness
of relation-consistency–driven and subject-agnostic modeling
for cross-view referential understanding.
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