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Abstract

Recent advances in Referring Expression Comprehension
(REC) have been largely driven by supervised learning on cu-
rated datasets, where each expression is assumed to refer to
exactly one known object. However, such assumptions rarely
hold in real-world scenarios, where expressions can refer to
multiple objects, fail to refer to any, or involve novel cate-
gories and complex semantics. These challenges define the
task of open-world REC, which demands robust generaliza-
tion and structured reasoning beyond the scope of traditional
REC methods. In this work, we introduce a novel, training-
free framework that decouples visual perception from linguis-
tic reasoning to address open-world REC. Our method first
transforms the visual scene into a rich textual representation
using an open-vocabulary multimodal perception module. It
then employs a reasoning language model to interpret the re-
ferring expression and perform explicit logical inference over
the perceived scene, enabling transparent decision-making
and strong generalization in open-world scenarios. Experi-
ments on three standard REC benchmarks as well as two
more challenging ones, gRefCOCO and D?, demonstrate that
our framework achieves highly competitive zero-shot perfor-
mance, often surpassing supervised baselines.

Code — https://github.com/uplihong/PRDF

Introduction

Referring Expression Comprehension (REC) aims to lo-
calize a target object in an image based on natural lan-
guage (Qiao, Deng, and Wu 2020). As a fundamental mul-
timodal task, REC plays a central role in applications such
as visual dialogue and human-robot interaction. It requires
models to interpret fine-grained linguistic semantics, per-
ceive complex visual content, and align the two modalities
through structured reasoning (Xiao et al. 2024).

Supervised learning has driven substantial progress in
REC (Yu et al. 2018; Chen et al. 2021; Luo et al. 2023;
Wang, Deng, and Jia 2024). These methods achieve strong
performance on benchmarks such as RefCOCO (Yu et al.
2016), but are typically trained and evaluated under two im-
plicit constraints: (1) each referring expression corresponds
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to a single target object, and (2) all referents are drawn from
a predefined set of categories.

In real-world scenarios, referring expressions often in-
volve multiple objects (“the two men in red”), no target (“the
car” in an empty street), or categories not seen during train-
ing. However, existing REC models tend to predict a single
bounding box, even when the query implies otherwise (He
et al. 2023; Liu, Ding, and Jiang 2023), and struggle to gen-
eralize to compositional queries, unseen words, or novel ref-
erents (Sadhu, Chen, and Nevatia 2019; Mi et al. 2024; Liu
et al. 2024a). Furthermore, the high cost of annotation lim-
its scalability. These challenges motivate a broader formula-
tion, open-world REC, which supports one, multiple, or zero
referents and generalizes beyond training domains.

Two research lines relate to this setting. Generalized
REC (GREC) extends traditional REC by explicitly mod-
eling multi-target and no-target cases (He et al. 2023; Dai
et al. 2024). However, these methods typically rely on task-
specific supervision and complex training pipelines. In con-
trast, zero-shot REC (Han et al. 2024; Chen and Chen 2025)
leverages pretrained vision—-language models and avoids
finetuning on target datasets, but still focuses almost ex-
clusively on single-target expressions. Conceptually, open-
world REC extends zero-shot REC by additionally requiring
models to handle variable referent counts and reject absent
referents, resulting in a substantially harder task.

To address these challenges, we introduce a training-
free, decoupled perception-reasoning framework tailored
for open-world REC. Unlike conventional REC, the open-
world scenario demands not only flexible perception over
unseen categories and varying numbers of referents, but
also robust reasoning to interpret ambiguous, compositional,
and logically structured expressions. Inspired by the strong
semantic generalization and structured-inference capability
of recent reasoning-oriented language models (Guo et al.
2025), we explicitly incorporate these strengths into our de-
sign. We propose the Perception—Reasoning Decomposition
Framework (PRDF), which cleanly separates visual percep-
tion from reasoning: a perception module first converts the
image into open-vocabulary textual scene descriptions, upon
which the reasoning module performs explicit logical infer-
ence conditioned on the referring expression. This decou-
pled design enables a unified solution by leveraging its open-
vocabulary perception for novel categories and multi-target
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Figure 1: Perception-Reasoning Decomposition Framework.

cases, and its explicit logical reasoning to handle no-target
scenarios and diverse language forms.

Our main contributions are as follows: (1) We formal-
ize the task of open-world REC to better reflect real-world
scenarios, where referring expressions may involve multiple
targets, no targets, or novel object categories. (2) We propose
a novel Perception-Reasoning Decomposition Framework
(PRDF) that explicitly separates visual perception from lin-
guistic reasoning, enabling decision-making that is modular
(components can be independently upgraded), interpretable
(producing explicit reasoning traces), and controllable (be-
havior can be refined via prompts). (3) Extensive experi-
ments on five benchmarks (RefCOCO/+/g, gRefCOCO, D?)
demonstrate that PRDF achieves highly competitive zero-
shot performance, outperforming existing zero-shot meth-
ods and even surpassing some fully supervised baselines.

Related Work
Referring Expression Comprehension

Classical REC research has progressed from two-stage
pipelines (Yu et al. 2018; Chen et al. 2021) to one-stage
end-to-end models (Luo et al. 2023) and Transformer-based
architectures (Su et al. 2023; Wang, Deng, and Jia 2024),
achieving strong performance on standard benchmarks (Yu
et al. 2016; Mao et al. 2016). However, these models are
fundamentally limited by the assumption that each expres-
sion corresponds to a single object from a closed-set vo-
cabulary. Recent efforts have sought to relax these assump-
tions. Generalized REC (GREC) (He et al. 2023; Dai et al.
2024; Yin et al. 2025) extends the standard formulation to
include multi- and no-target expressions. Meanwhile, zero-
shot REC (Subramanian et al. 2022; Han et al. 2024; Chen
and Chen 2025; Wang et al. 2025) leverages pretrained vi-
sion—language models to achieve category generalization
without additional annotations.

Together, GREC and zero-shot REC represent important
steps toward open-world REC, yet challenges remain in han-
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dling ambiguous, compositional, and multi-target expres-
sions under finetuning-free settings.

Open-World Visual Perception with Foundation
Models

Open-world visual perception aims to recognize and de-
scribe novel objects beyond fixed categories. Recent foun-
dation models support this by shifting toward class-agnostic,
promptable systems. Segment Anything (SAM) (Kirillov
et al. 2023; Ravi et al. 2024) enables category-free instance
segmentation, generating object masks without semantic la-
bels. Describe Anything (DAM) (Lian et al. 2025) augments
SAM with vision-language models (Radford et al. 2021;
Lin et al. 2024) to produce open-vocabulary descriptions for
each region, capturing attributes like color, shape, and mate-
rial. Depth Anything (Yang et al. 2024a,b) adds monocular
depth, enriching spatial context.

Our perception module (Fig. 1, left) integrates these capa-
bilities to produce open-vocabulary scene representations.

Explicit Reasoning with Language Models

General-purpose LLMs often struggle with multi-step log-
ical reasoning (Snell et al. 2024). To address this, rea-
soning language models (RLMs) aim to emulate System-
2 processes via structured inference (Li et al. 2025; Besta
et al. 2025). They are trained using: (1) reasoning-oriented
prompts like chain-of-thought (CoT) (Wei et al. 2022) and
tree-of-thought (Yao et al. 2023); and (2) step-level super-
vision, including intermediate feedback or rewards (Uesato
et al. 2022; Lightman et al. 2023). Recent RLMs such as
Deepseek-R1 (Guo et al. 2025) and Qwen-3 (Yang et al.
2025) demonstrate enhanced interpretability and robustness
through “show-your-work” training.

We build on these advances by reformulating REC as a
language-based reasoning task over perceived scenes.



Method

We introduce the Perception—Reasoning Decomposition
Framework (PRDF) for open-world REC. Unlike end-to-
end REC/GREC models (Luo et al. 2023; Dai et al. 2024),
PRDF explicitly separates perception from reasoning, en-
abling modularity, interpretability, and zero-shot generaliza-
tion. The architecture is shown in Fig. 1.

Multimodal Perception Module

The perception module converts an image into an open-
vocabulary, attribute-rich scene representation using four
pretrained foundation models:

1. Segment Anything. We apply the Segment Anything
Model (SAM) (Ravi et al. 2024) to produce a dense
set of category-agnostic instance masks {M;}, where
each mask M; corresponds to a potential object O;. This
ensures comprehensive object coverage without relying
on fixed category vocabularies. From each mask, we
compute object-level geometric features fF", includ-

ing centroid coordinates (z;, y; ), area ratio a;, and aspect
ratio s;. These features capture the spatial layout of the
scene and facilitate reasoning over position-, size-, and
shape-related expressions (e.g., “the tallest person on the
left”). Additionally, we derive binary spatial containment
relations rgf’;‘mi“ € {0,1} to indicate whether object O;
lies spatially within object O;, thereby capturing hierar-
chical spatial structure.

. Describe Anything. For each region M;, we employ the
Describe Anything Model (DAM) (Lian et al. 2025) to
generate a fine-grained textual description di**' that cap-
tures appearance-level attributes such as color, shape, and
material. These object-centric descriptions provide rich
semantic grounding, while spatial and relational cues are
instead modeled by the geometric features f7°" derived
from segmentation.

3. Depth Anything. To complement the 2D geometric lay-
out with coarse 3D structure, we predict the depth z; of
each object O; using the Depth Anything model (Yang
et al. 2024b). This provides an approximate front-to-back
ordering of objects, enabling reasoning over expressions
involving depth cues (e.g., “person background”).

. Captioning. Finally, we generate an image-level cap-
tion C' using an off-the-shelf vision-language model.
This caption offers high-level contextual semantics that
support global scene understanding, help disambiguate
vague or ambiguous expressions, and mitigate potential
hallucinations in object-level appearance descriptions.

The resulting representation of each object is defined as:
Oi = {d;emv figeomv Tltel Zi}a (1)

7
comanl encodes spatial containment rela-

rel __
where 7 = {r{

tions.

Explicit Reasoning Module

Unlike conventional REC models that rely on end-to-end
supervision to implicitly learn grounding patterns, our rea-
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soning module formulates grounding as explicit, query-
conditioned inference over object candidates, executed en-
tirely in natural language.

Language-Based Inference. Given the referring expression
g, the global caption C', and the structured scene repre-
sentation {O;}, the reasoning language model (RLM) per-
forms language-native inference by consuming a structured
natural-language prompt:

y = RLM(Prompt), 2)

where y denotes the predicted referent region(s), accompa-
nied by a trace of intermediate reasoning steps. This for-
mulation enables the framework to perform multi-step de-
duction, resolve ambiguity, and produce transparent, inter-
pretable outputs, which are typically absent in conventional
REC approaches.
Scoring Perspective. The above process can also be viewed
as implicitly evaluating how well each object aligns with the
query:

y = argmax score(q, C, O;), 3)

2

where the scoring function is instantiated by the RLM’s
internal reasoning process. In our implementation, we use
Deepseek-R1 (Guo et al. 2025), although the framework is
compatible with other reasoning-oriented models such as
Qwen3 (Yang et al. 2025).
Prompt Construction. To enable transparent and control-
lable reasoning, we design the prompt in a structured,
language-native format. The input includes:

e REFERRING EXPRESSION: ¢
e IMAGE CAPTION: C

* OBJECT DESCRIPTIONS (Total: N):

- Region #i: di™*

Centroid: (l‘i, Z/i)

AreaRatio: a4

AspectRatio: s;

Depth: z;

Contains: Region #7,

* OUTPUT INSTRUCTION: Identify the region(s) that
best match the referring expression. Respond in one of
the following formats:

— NO REGIONS

— SELECTED REGIONS:
<number2>,

<numberl>,

This modular formulation supports explicit reasoning, han-
dles multi-target and no-target expressions, and enables in-
terpretable and controllable decision-making in open-world
settings.

Benefits of Perception-Reasoning Decomposition

Separating perception from reasoning offers several key ad-
vantages over conventional end-to-end REC models. This
design improves interpretability, enhances generalization,
and enables flexible deployment in open-world settings.



Method Setting RefCOCO RefCOCO+ RefCOCOg

Val TestA TestB Val TestA TestB Val  Test
GPT-4V (Achiam et al. 2023) Zero-shot 25.5 262 244 106 18.2 8.9 143 154
CPT (Yao et al. 2024) Zero-shot 322  36.1 30.3 319 352 28.8 367 365
Grounding DINO (Liu et al. 2024b) Zero-shot 50.4 57.2 432 514 576 458 675 67.1
ReCLIP (Subramanian et al. 2022) Zero-shot 54.0 58.6 495 55.1 60.5 474 609 61.1
SS-FLAVA (Han et al. 2024) Zero-shot 525 527 529 508 534 476 613 609
GPT-4V + DetToolChain (Wu et al. 2024) Zero-shot 70.0 72.3 672 573 627 523 635 645
EAGR (Bu et al. 2025) Zero-shot - 71.0 63.8 - 64.0 53.6 - 71.4
FLORA (Chen and Chen 2025) Zero-shot 73.7 78.5 678 632 71.6 535 725 721
Ours Zero-shot 75.2  80.7 677 657 71.7 57.8 758 75.5

Table 1: Zero-shot performance on RefCOCO, RefCOCO+, and RefCOCOg benchmarks. All results are reported in terms of
IoU@0.5 accuracy (%). Bold denotes the best result; underline indicates the second-best.

* Modularity and Extensibility. Each component in the
framework can be independently upgraded or replaced
with more advanced models. This modular design facil-
itates the integration of improvements in vision or lan-
guage modeling without retraining the entire system.

* Open-World Generalization. Class-agnostic perception
ensures coverage of novel object types, while language-
based reasoning enables the interpretation of ambiguous,
compositional, or under-specified expressions. Together,
they support robust performance in settings where cate-
gories and referring patterns may not appear in training.

* Training-Free Deployment. All components are based
on pretrained foundation models and require no task-
specific fine-tuning. This enables zero-shot inference and
direct application to new domains without additional an-
notations.

* Transparency and Interpretability. The system produces
explicit intermediate outputs, including structured scene
descriptions and reasoning traces. These provide insight
into the decision process, support failure analysis, and
enable prompt-level correction and refinement.

Experiments
Experimental Setup

Datasets. We evaluate PRDF under the zero-shot setting
across five representative benchmarks that collectively cover
standard, generalized, and open-world referring scenarios:
(1) RefCOCO, RefCOCO+ (Yu et al. 2016), and Retf-
COCOg (Mao et al. 2016) are widely used REC bench-
marks, where each query refers to a single target drawn
from a closed set of categories. These datasets primarily test
fine-grained alignment between expression and target under
standard supervision assumptions. (2) gRefCOCO (He et al.
2023) extends this setting to the open world by introduc-
ing more diverse referring expressions, including those with
multiple targets, ambiguous references, and queries with no
valid target. It thus reflects more realistic and challenging
use cases. (3) D? (Xie et al. 2023) is a described object
detection benchmark designed to evaluate a model’s ability
to understand attributes, relationships, and their negation. It
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mainly encompasses two types of queries: presence queries
(e.g., “basketball in hand”) and absence queries (e.g., “bas-
ketball untouched”).

Evaluation Metrics. For RefCOCO, RefCOCO+, and Re-
fCOCOg, we report IoU@0.5 Accuracy, which considers
a prediction correct if the Intersection over Union (IoU)
between the predicted and ground-truth box exceeds 0.5.
This is the standard metric for single-target referring expres-
sion comprehension (Qiao, Deng, and Wu 2020). For gRef-
COCO, we follow the official evaluation protocol and report
Precision@(F;=1, IoU>0.5) and No-target Accuracy (He
et al. 2023). The former assesses both multi-target and no-
target cases by requiring all predicted boxes to meet the IoU
threshold. The latter measures whether the model correctly
predicts that no region corresponds to the given expression
when no valid referent exists. For D3, we report mean Aver-
age Precision (mAP) under three settings: Full, Pres (pres-
ence), and Abs (absence) (Xie et al. 2023). These reflect the
model’s ability to reason about whether a described object is
present or not, offering a more fine-grained view than tradi-
tional object detection metrics.

Implementation Details. Our PRDF framework is con-
structed using publicly available pretrained foundation mod-
els. For segmentation, we use Segment Anything v2.1 (Ravi
et al. 2024) with the large Hiera backbone (Ryali et al. 2023).
For object-level descriptions, we employ the DAM (Lian
et al. 2025); for image-level captions, we use Qwen2.5 (Bai
et al. 2025); and for monocular depth estimation, we adopt
Depth Anything v2 (Yang et al. 2024b). Experiments are run
on V100 (32GB) GPUs using PyTorch 2.6.0.

For reasoning, we adopt Deepseek-R1-0528 (Guo et al.
2025) as the default reasoning language model. Prompts are
constructed following the format described in Method Sec-
tion.

Main Results

Table 1 reports IloU@0.5 on the standard REC benchmarks.
PRDF outperforms recent strong baselines, including GPT-
4V (Achiam et al. 2023), DetToolChain (Wu et al. 2024),
and FLORA (Chen and Chen 2025). These methods typ-
ically interleave visual perception with complex reason-



Method Setting Val TestA TestB
Pr.(%) N-acc.(%) Pr.(%) N-acc.(%) Pr.(%) N-acc.(%)

MCN (Luo et al. 2020) Supervised ~ 28.0 30.6 32.3 32.0 26.8 30.3
VLT (Ding et al. 2021) Supervised  36.6 35.2 40.2 34.1 30.2 32.5
MDETR (Kamath et al. 2021) Supervised  42.7 36.3 50.0 34.5 36.5 31.0
UNINEXT-R50 (Yan et al. 2023)  Supervised  58.2 50.6 46.4 493 429 48.2
SimVG (Dai et al. 2024) Supervised  62.1 54.7 64.6 57.2 54.8 57.2
ROD-MLLM (Yin et al. 2025) Supervised  53.2 51.8 55.4 63.7 51.8 57.9
Ours Zero-shot  65.4 85.2 64.9 85.8 52.1 79.9

Table 2: Generalized REC results on gRefCOCO. We report Precision@(F1=1, IoU > 0.5) (Pr.) and No-target Accuracy (N-
acc.) across val, testA, and testB splits under supervised and zero-shot settings. Bold denotes the best result; underline indicates

the second-best.

Method Full Pres Abs

GLIP-T (Li et al. 2022) 19.1 183 21.5
Grounding DINO (Liu et al. 2024b) 20.7 20.1 22.5

OFA-DOD (Xie et al. 2023) 21.6 23.7 154
FIBER-B (Dou et al. 2022) 227 21.5 26.0
InternVL2 (Chen et al. 2024) 25.3 25.7 235
ROD-MLLM (Yin et al. 2025) 29.7 30.0 28.7

Ours 31.6 32.2 30.3

Table 3: Mean Average Precision (%) on the D? benchmark.
We report results for three query types: Full (overall), Pres
(presence), and Abs (absence). Bold denotes the best result;
underline indicates the second-best.

ing. DetToolChain, for instance, enhances GPT-4V with
detection-oriented CoT prompting and visual tools to iter-
atively refine outputs. FLORA employs an LLM to parse
language into a formal structure, which then guides vision-
language models like Grounding DINO and CLIP within
a probabilistic framework. A key limitation of such inter-
leaved designs is the risk of cross-contamination between
perception and reasoning. In contrast, PRDF achieves a new
state-of-the-art ToU@0.5 of 75.5% on the RefCOCOg test
set among zero-shot methods. This result validates the effi-
cacy of PRDF’s strategy, which explicitly decouples percep-
tion from reasoning for more robust visual grounding.

Table 2 presents results on gRefCOCO, which evalu-
ates one-target, multi-target, and no-target scenarios. PRDF
achieves the highest no-target accuracy (N-acc.) across all
splits, significantly outperforming supervised methods such
as SimVG (Dai et al. 2024) and ROD-MLLM (Yin et al.
2025). Despite the lack of task-specific supervision, PRDF
matches or surpasses their precision, demonstrating strong
generalization to open-ended queries.

Table 3 shows results on the D3 benchmark (Xie et al.
2023). PRDF achieves the highest mAP scores, including
32.2% on presence queries (Pres) and 30.3% on absence
queries (Abs), indicating its ability to reason about both ob-
ject presence and absence. These results suggest that PRDF
can verify the existence of described objects and localize

Ground Truth

the guy wearing black pants walking towards us in the far right behind and
a red football being catched by the other guy

e ¢
‘@‘
g

on the bottom and left glass
Ra? i N

a lineup of cars

Figure 2: Qualitative results compared with SimVG.

them based on diverse natural language inputs.

Overall, PRDF demonstrates strong zero-shot perfor-
mance across all benchmarks, frequently outperform-
ing supervised baselines finetuned on the target dataset.
These findings validate the effectiveness of the proposed
perception-reasoning decomposition in addressing core
challenges of open-world REC.

Qualitative Analysis

We present qualitative comparisons in Fig. 2 and visualize
explicit reasoning traces in Fig. 3 to illustrate the effective-
ness and interpretability of PRDF.

Fig. 2 highlights PRDF’s robustness across diverse refer-
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Figure 3: Qualitative results compared with SimVG and some ambiguous cases.

ring scenarios. In the top row, the model accurately grounds
two referents using compositional and spatial cues. In the
middle row, while both models identify the correct object,
PRDF yields a tighter and more precise bounding box. In
the bottom row, PRDF correctly distinguishes three adja-
cent cars in a lineup, whereas SimVG merges two into a
single region. These examples demonstrate PRDF’s ability
to handle multi-target, spatially grounded, and grouped ex-
pressions through structured perception and reasoning.

Fig. 3 showcases the transparency afforded by explicit
reasoning. In the first example, PRDF correctly resolves a
no-target expression by generating a step-by-step reason-
ing trace that ends with NO REGIONS, while SimVG in-
correctly returns a bounding box. The second example il-
lustrates a semantic edge case: although no object matches
“white striped shirt” exactly, PRDF identifies a small, dis-
tant region that partially aligns with the description, reflect-
ing cautious semantic inference. The third example high-
lights broader coverage: PRDF detects not only the anno-
tated region for “person background” but also an occluded
yet semantically consistent figure. Additionally, this exam-
ple shows that upstream detection errors, such as regions in-
correctly described as ‘person’, are corrected in reasoning
steps 2-3 through containment relations.

These qualitative results highlight PRDF’s strengths in
accuracy, transparency, and generalization, particularly in
complex or ambiguous open-world scenarios. Moreover, the
reasoning traces reveal that PRDF effectively leverages per-
ceived scene representations for inference, drawing on depth
to locate background entities, containment to isolate primary
objects, and image-level captions to provide global semantic
context.

Component Analysis

We conduct a comprehensive analysis of PRDF to evaluate
the contributions of its core components and understand its
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Language Model w/ Reasoning Accuracy(%)
Deepseek-R1-0528 v 80.7
Qwen3-235B-A22B v 78.4
Qwen3-32B v 78.9
Deepseek-V3-0324 77.6
Qwen3-235B-A22B 714
Qwen3-32B 69.8

Table 4: Ablation study of different language models with
and without thinking mode on the RefCOCO TestA.

behavior under varying conditions. This analysis covers four
aspects of the framework: (1) the choice of reasoning lan-
guage model, (2) the impact of different scene representa-
tions, (3) the utility of explicit reasoning traces, and (4) the
influence of mask quantity on grounding performance.
Ablation of Reasoning Models. We compare different lan-
guage models in Table 4. Across all variants, enabling ex-
plicit chain-of-thought reasoning consistently improves per-
formance, with gains of up to +7.1%. For instance, Qwen3-
32B improves from 69.8% to 78.9% when reasoning is en-
abled. These results demonstrate the benefit of structured
reasoning in handling compositional expressions, while also
underscoring PRDF’s model-agnostic design, which allows
flexible substitution with more capable or efficient RLMs.
Ablation of Scene Representations. Table 5 shows the ef-
fect of removing individual scene representations from the
perception module. Excluding the global scene caption (w/o
caption) results in the largest performance drop, reducing
precision from 52.1% to 42.2% and no-target accuracy from
79.9% to 78.6%, underscoring the importance of high-level
contextual cues for resolving referential ambiguity. Remov-
ing spatial containment (w/o containment) also causes a sub-
stantial precision decline (—7.1%), indicating that hierarchi-
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Figure 4: Mask quantity vs. performance. Top: Distribution of the number of generated masks per sample on gRefCOCQO’s val,
testA, and testB splits. Bottom: Corresponding mean I} scores binned by mask count.

w/o depth w/o containment w/o caption Pr.(%) N-acc.(%)

52.1 79.9

v 52.1 79.8
v 45.0 79.1

v 422 78.6

v v v 37.1 76.9

Table 5: Ablation study of depth, containment, and caption
representations in PRDF on the gRefCOCO TestB split.

cal spatial relations aid in identifying primary referents. Re-
moving depth (w/o depth) has minimal impact. We attribute
this to the nature of the dataset, where most expressions
lack fine-grained depth references or rely on coarse distinc-
tions (e.g., “in the background”), for which region size often
serves as a sufficient proxy. When all three representations
are removed, performance drops further to 37.1% precision
and 76.9% no-target accuracy, confirming the complemen-
tary role of multimodal cues in supporting robust grounding
under open-world conditions.

Effect of Reasoning Traces. A key strength of PRDF lies
in its interpretability. By examining reasoning traces, we ob-
serve that many errors stem from hallucinated object cate-
gories generated by DAM, especially in small or ambigu-
ous regions (e.g., mistaking a tree for an umbrella). To mit-
igate this, we introduce a lightweight prompt-level refine-
ment: “Note: Be cautious when interpreting descriptions for
objects with very small area ratios, as their category nouns
may be prone to hallucination.” This intervention improves
performance to 81.3% on RefCOCO TestA and 68.8% on
TestB, without any retraining. This result illustrates how
explicit reasoning enables modular correction and perfor-
mance enhancement through natural language, reinforcing
PRDF’s transparency and controllability.

Statistics of Mask Quantity. We also analyze how the num-
ber of segmentation masks affects grounding performance.
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As shown in Fig. 4, the number of masks follows a long-
tailed distribution, occasionally exceeding 1,000 per image.
We observe a mild negative correlation between mask count
and F} score (Pearson r between —0.10 and —0.05), sug-
gesting that excessive segmentation introduces perceptual
clutter. This clutter, often caused by scene complexity or
over-segmentation, increases reasoning difficulty and can
obscure relevant regions, ultimately degrading localization
accuracy.

Conclusion and Future Work

We propose PRDF, a novel Perception-Reasoning De-
composition Framework for open-world referring expres-
sion comprehension. By decoupling visual perception from
language-based reasoning, PRDF transforms raw visual
scenes into structured, attribute-rich scene representations
and grounds referents using pretrained reasoning language
models. This modular and training-free design enables
strong zero-shot generalization, supports complex queries
such as multi-target and no-target cases, and produces trans-
parent, interpretable predictions.

Extensive evaluations on five benchmarks, including Re-
fCOCO, RefCOCO+, RefCOCOg, gRefCOCO, and D3,
demonstrate that PRDF outperforms both zero-shot and
supervised baselines. Analysis results further validate the
complementary contributions of structured perception and
explicit logical inference. Moreover, PRDF’s category-
agnostic perception facilitates scalable deployment in open-
world settings where exhaustive annotation is impractical.

Despite these advantages, PRDF’s performance remains
sensitive to the quality of upstream perception and incurs
relatively high inference latency due to the use of large rea-
soning models. Future work includes extending the frame-
work to support multi-turn and multilingual interaction, inte-
grating active perception capabilities, and distilling reason-
ing behaviors into lightweight, efficient surrogates suitable
for real-time use.
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