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Abstract

Open-Vocabulary Object Detection (OVOD) aims to local-
ize and recognize objects from both known and novel cate-
gories. However, existing methods rely heavily on internal
knowledge from Vision-Language Models (VLMs), restrict-
ing their generalization to unseen categories due to lim-
ited contextual understanding. To address this, we propose
CODet, a plug-and-play framework that enhances OVOD
by integrating object co-occurrence — a form
of external contextual knowledge pervasive in real-world
scenes. Specifically, CODet extracts visual co-occurrence
patterns from images, aligns them with textual dependen-
cies validated by Large Language Models (LLMs), and
injects contextual co-occurrence pseudo-labels as exter-
nal knowledge to guide detection. Without architectural
changes, CODet consistently improves five state-of-the-art
VLM-based detectors across two benchmarks, achieving
notable gains (up to +2.3 AP on novel categories). Analyses
further confirm its ability to encode meaningful contextual
guidance, advancing open-world perception by bridging vi-
sual and textual co-occurrence knowledge.

1. Introduction

Object detection [28, 32], a core task in computer vision,
has achieved remarkable progress through deep learning.
The task involves localizing objects with bounding boxes
and assigning category labels [12, 27]. However, traditional
detectors are restricted to recognizing only those categories
present in their training data — a critical limitation given
the open-ended diversity of real-world objects, particularly
when encountering novel categories [2]. To address this,
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Figure 1. In the t op—image, tableware-related objects (red rect-
angles), i.e., fork and knife tend to appear together; Similar co-
occurrence holds for electronic-related objects (orange rectangles)
inthe left-image. For 80 categories of objects in the images of
COCO dataset [23], statistical co-occurrence patterns are shown in
the right-bottom heat image, motivating the idea of this work.

Open Vocabulary Object Detection (OVOD) [8, 18, 20, 35]
has emerged, enabling detectors trained on known cate-
gories to generalize to unseen ones. The primary challenge
of OVOD lies in equipping detectors with the ability to rec-
ognize novel concepts effectively, beyond the constraints of
their training labels [6, 40].

Most works build on frameworks like ViLD [8], which
distills knowledge from pre-trained Vision-Language Mod-
els (VLMs) [14, 15, 29, 30] into detectors by aligning visual
and textual embeddings [I, 25]. While recent advances,
such as DVDet [16] and MM-OVOD [19], improve fine-
grained recognition by leveraging LLM-derived descrip-
tors, their performance remains tightly coupled with the
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VLM’s inherent image-text alignment capabilities. This re-
liance on internal VLM knowledge — often limited in
contextual reasoning —— raises a pivotal question: Can
external knowledge sources complement VLMs to enhance
novel category recognition?

Real-world objects rarely appear in isolation; Their co-
occurrence patterns encode rich contextual relationships.
For instance, a fork in an image often coexists with knives,
plates, or cups (Figure 1), reflecting spatial, functional, or
semantic correlations. We term this phenomenon object
co-occurrence — a form of implicit, scene-specific
knowledge pervasive in visual data. According to the heat-
map statistics in Figure 1, harnessing such patterns could
offer a promising avenue to augment OVOD with external
contextual knowledge. Yet, two key challenges arise:

* Extraction: How to systematically identify object co-
occurrence relationships from visual scenes?

 Validation: How to ensure these relationships are seman-
tically meaningful and generalizable?

To address these challenges, we propose CODet, a plug-
and-play framework that integrates visual and textual Co-
Occurrence knowledge into VLM-based Detector. Our ap-
proach operates in three stages:

1. Visual Proposal Extraction: Spatial relationships be-
tween known objects and their neighbors are analyzed
to generate candidate co-occurrence pairs.

2. Textual Validation via LLMs: Large Language Models
(LLMs) enrich these proposals by deriving semantic de-
pendencies (e.g., “fork” often relates to “knife” in textual
contexts), acting as implicit knowledge validators.

3. Co-occurrence Knowledge Injection: Co-occurrence
pseudo-labels, aligned across visual and textual modali-
ties, are incorporated during training to guide novel cat-
egory detection.

CODet’s key advantage is its architectural agnosticism
—— it seamlessly enhances existing VLM-based detectors
(e.g., VILD, DetPro) without structural modifications. Eval-
uated across LVIS and COCO benchmarks, CODet boosts
five state-of-the-art detectors, achieving gains of up to +2.3
AP on novel categories, without performance loss on known
ones. Visualization studies further confirm that CODet cap-
tures semantically meaningful relationships (e.g., mouse <>
keyboard), avoiding spurious correlations.

Our contributions are threefold:

* We introduce the first method to augment OVOD with ex-
ternally validated co-occurrence knowledge, compatible
with any VLM-based detector.

* We propose a novel pipeline that extracts visual co-
occurrence patterns, validates them against LLM-derived
textual dependencies, and injects contextual pseudo-
labels for training.

* CODet achieves consistent improvements across detec-
tors and benchmarks, with mechanistic analyses demon-

strating its ability to encode helpful contextual guidance.

2. Related Works

2.1. VLM-based OVOD

Recent OVOD methods leverage Vision-Language Models
(VLMs) like CLIP [29] to align visual and textual em-
beddings for open-world detection [10, 17, 34]. ViLD
[8] pioneers knowledge distillation from VLMs into detec-
tors, while HierKD [25] and RKD [1] enhance alignment
through hierarchical and region-based distillation. VLDet
[21] and Detic [40] further align detector outputs with
CLIP’s text embeddings. These methods inherit a contex-
tual misalignment: VLMs encode rich object attributes and
scene context, while detectors prioritize precise localiza-
tion, limiting knowledge transfer. Prompt-based approaches
(e.g., DetPro [5], PromptDet [6]) address this by tuning
VLMs’ textual embeddings to regional visual features. Yet,
they overlook external contextual knowledge (e.g., object
co-occurrence), restricting generalization. CODet bridges
this gap by injecting LLM-validated co-occurrence patterns,
enhancing cross-modal alignment for novel categories.

2.2. LLMs in OVOD

LLMs have been utilized as static knowledge bases [4, 13,
30, 36] for OVOD: CuPL [26] generates descriptive cat-
egory prompts, and CaFo [37] crafts semantic texts via
GPT-3 [3] to improve CLIP’s alignment. SHiNe [24] in-
corporates hierarchical category relationships generated by
LLMs into the classification process. MM-OVOD [19] and
DVDet [16] enhance the role of LLMs in OVOD by enrich-
ing textual descriptions. MM-OVOD optimizes text-based
classifiers by automatically generating rich natural language
descriptions of categories using LLMs. DVDet leverages
GPT-3 to generate fine-grained textual descriptions of ob-
ject parts through iterative interactions with LLMs. While
effective, these methods treat LLMs as fixed text genera-
tors, failing to exploit visual-contextual relationships. In
contrast, CODet anchors co-occurrence mining at known
objects (e.g., a detected fork), extracts spatial patterns from
images, and aligns them with LLM-derived semantic de-
pendencies (e.g., knife, plate). This cross-modal fusion of
visual co-occurrence and textual knowledge enables contex-
tual reasoning beyond static LLM queries.

3. Preliminary

3.1. Problem Definition
OVOD is trained on a dataset T = {(I;, gi, ;") } Y

i 1=1°
where I; is an image, g; = (b;, ¢;) denotes the ground-truth
annotations including bounding box b; and known category
c; € CX"¥n and ™" represents caption corpus which may

be arbitrary words besides of Ck"%" and C"*¥*! as illustrated
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Figure 2. (a) Relationships between different categories in prob-
lem definition. (b) The typical architecture of VLM-based OVOD.

in Figure 2(a). During inference, the goal is to predict labels
¢ € cknovn | ¢novel for objects in an image I, where CK™O%™
and C™"°! are disjoint sets of known and novel categories,
respectively.

3.2. Background

VLM-based detectors [8, 21, 25] extend traditional detec-

tion by aligning visual and textual embeddings in a shared

semantic space (Figure 2(b)). Key components include:

1. Visual Encoder (Pgnc): Distills region features g; from
images.

2. Textual Encoder (®vimr)): Encodes category names
into textual embeddings ¢;.

3. Visual Encoder (®vim(v)): Extracts image features v;.

Training: The detector learns to project region features g;

into a shared feature space aligned with both ¢; and v;.

Inference: For an image I, the detector outputs {b;, c; } 2,

{9:}M, = ®enc (D), (D)

{bi, e}, = {®rox(9:), Pers(gi) 1Ly, )

where ®ggox predicts bounding boxes b; and ®¢rg classi-
fies regions into ¢; € CXown U Covel,

4. Method

4.1. Overview

As shown in Figure 3, CODet first calculates the spatial re-
lationships between a known object b; and its surrounding
neighbors, finds the nearest b} as the potential co-occurrence
candidate of the anchored known object b;, and merges
them to get a visual co-occurrence proposal b$°. Then,
CODet introduces LLMs as additional implicit category
knowledge repositories, finds a semantic-closest textual cat-
egory ¢, for the known object, and builds a textual co-
occurrence description ¢;°. Last, CODet takes the object co-
occurrence anchored at the same known object as a contex-
tual bridge, and matches the nearest neighbor b; and textual
category ¢, as external knowledge, by comparing the visual
co-occurrence proposal and textual co-occurrence descrip-
tion in the pre-trained VLM feature space.

4.2. Object Co-Occurrence Extraction

Object co-occurrence in real-world scenes manifests as spa-
tially proximate objects. Given a known object proposal b;,
we identify its co-occurring object b; by analyzing relative
spatial relationships.

4.2.1. Co-Occurring Object Finding

For a known object proposal b;, the center distance d;; to
another proposal b; is computed as:

dij = /(2 — 2))° + (i — )2, 3

where (z;,v;) and (x;,y;) are the center coordinates of b;
and b;, respectively. The intersection-over-union (IoU) be-
tween b; and b; is defined as:

Area(bi N bj)

oU(b;, bj) Area(b; U b;)

“)
To jointly optimize spatial proximity and overlap, we de-
sign a scoring function S(b;, b;):

S(bi, b;) :O[’IOU(bj,bj)‘i’ﬂ'(l*%), (5)

where « and S are hyperparameters balancing IoU and nor-
malized distance, D = vW?2 + H? normalizes d;; by the
image diagonal (W, H are image width and height).

The co-occurring object proposal b} is selected as

b, = arg max S(b;, b;). (6)
4 b, #bs iy O
4.2.2. Co-Occurrence Feature Extraction
Given a pair of object proposals b; = (Z, Yib, Lrt, Yrt)
and b, = (@}, Yy, i, Yk)» We compute the minimal
co-occurrence proposal b° = (2, uy, 2%, u)

defined as the smallest bounding box enclosing b; and b/

)

co __ min ({mvy}ka {mlvy/}k) ifk=1b
{x7y}k - {max ({$7y}k, {xlvy/}k) ifk=rt

This ensures b° spatially encapsulates both objects while
preserving their shared context.

The co-occurrence visual feature v{° ,
which encodes contextual relationships between b; and b/,
is then extracted via the VLM’s visual encoder:

0" = vim) (b5°)- (3)

4.3. Visual-Textual Co-Occurrence Alignment

4.3.1. Textual Co-Occurrence Description

To systematically derive co-occurring categories, we adopt
an iterative refinement strategy where co-occurrence knowl-
edge is expanded and enriched at fixed training intervals.
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Figure 3. Anchored at each known object b; and category c¢;, CODet finds the nearest neighbor b} via co-occurrence extraction and the
semantic-closest category c; via LLMs. By aligning the visual co-occurrence proposal b$° (merging b; and b}) and the textual co-occurrence
description ¢° (involving ¢; and c}) in the pre-trained VLM feature space, b} and c; are matched as external knowledge to enhance detection.

This process helps to recognize challenging novel objects
b by using contextual relationships. Since directly predict-
ing the textual category ¢} for b} using LLMs is non-trivial,
we design three complementary query templates to generate
semantically meaningful co-occurrence candidates.

1. Spatial Proximity. Objects frequently co-occur spatially
(e.g., keyboard and mouse). To capture this, we query
the LLM with:

Q1: “What category [c}] is most likely to appear near

[c;] in a scene?”’

This generates candidates based on spatial adjacency ob-

served in real-world scenarios.

2. Functional Correlation. Objects sharing complementary
or identical functions often co-occur (e.g., “motorcycle”
and “bicycle”). We query:

Q2: “What category [c}] serves the same or a comple-

mentary function as [¢;]?”

This exploits functional dependencies to infer relation-

ships beyond spatial proximity.

3. Hierarchical Relationship. Objects within the same
broader taxonomic category (e.g., fork and bowl under
tableware) exhibit co-occurrence. We query:

Q3: “What common categories [c;] belong to the same

parent category as [¢;]?”

This leverages hierarchical semantics to identify siblings

in a taxonomy.

With the above, we get a co-occurrence category set C.
For each co-occurrence category ¢; € C, and the anchored
object category ¢;, we follow the text encoder approach of
VLMs to describe their textual co-occurrence

¢®: A photo of ¢ and dj.
Here, c° represents the co—occurrence
description bridging ¢; and ¢,. To encode these
descriptions into semantically rich features, we leverage

the pre-trained text encoder ®ypmer)(-) of VLMs
t%o = (:[)VLM(T)(C({O), i€ {1, ey |CCO|}. (9)

where ¢:° is the encoded co-occurrence textual
feature capturing the contextual relationship between c;
and ¢;. This process transforms the textual co-occurrence
knowledge into a format compatible with the VLM’s em-
bedding space, enabling the seamless integration with
knowledge alignment. More details in Appendix 2.

4.3.2. Co-Occurrence Knowledge Alignment

To align visual and textual co-occurrence representations,
we leverage the pre-trained visual-textual alignment capa-
bilities of VLMs. For a co-occurrence visual feature v5° (ex-
tracted from the adjacent proposal b;) and its corresponding
textual feature ¢5° (derived from the co-occurrence descrip-
tion ¢;°), we enforce semantic consistency by maximizing
their cosine similarity:

U;;OTtgo

cos(vS°, %) = —L—L—.
T el

(10)

This similarity score is converted into a probabilistic mea-
sure of ¢} (the co-occurring category) being the correct label
for b, using a sigmoid function:

CO 1
()

T 1+exp (— cos(vs°, 1))

AR

(1)
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Threshold-Based Selection: For robustness, we apply a

confidence threshold 7:

o If multiple co-occurrence categories yield p®°(c}) > 7,
we select the category with the highest probability as the
pseudo-label for b/

« If all probabilities fall below 7, no co-occurrence category
is assigned, avoiding spurious annotations.

This process anchors co-occurrence knowledge to the

known object b;, ensuring contextual relevance while fil-

tering out unreliable knowledge.

4.4. Co-Occurrence Knowledge Injection

After extracting and aligning co-occurrence relationships,
we obtain a set of high-confidence co-occurring object
proposals {b:}~ , and their associated categories {c;} ;.
These pairs are aggregated as pseudo-labels {(b’, c})}¥
and integrated into the OVOD framework to enhance novel
category detection. The integration is guided by a classifi-

cation loss L, formulated as:

N [Cl

1
Los == > D Te=c] log (pas(clv))),  (12)
1

1=1 c=

where:

e I[-] is an indicator function that equals 1 if the category
matches the pseudo-label ¢}, and 0 otherwise.

* v} is the visual embedding of proposal b/.

* pas(c|vl) is the probability of b} belonging to category c,
computed via visual-text alignment:

exp(cos(v], te)/7)
S0 explcos(vl, 1) /)

Here, t. denotes the textual embedding of category c,
and v is a temperature hyperparameter that modulates the
sharpness of the probability distribution.

The loss L encourages the visual embedding v} (from
b.) to align with the textual embedding ¢. of its pseudo-
label ¢, while repelling unrelated categories. The hyperpa-
rameter 7 balances exploration and exploitation — lower
7 sharpens the distribution for confident matches, while
higher 7 softens it to retain uncertainty.

By optimizing L5, CODet learns to associate ambigu-
ous visual regions (e.g., novel objects) with semantically
related co-occurring categories, effectively bridging the gap
between known and novel concepts.

pcls(C|U§) = (13)

5. Experiments

5.1. Datasets

We evaluate CODet over two widely adopted OVOD bench-
marks: COCO [23] and LVIS [9].

OV-COCO (COCO Benchmark). (1) Category Split: 48
known and 17 novel categories (following OVR-CNN [35]).

(2) Training Set: 107,761 images annotated with known cat-
egories [35]. (3) Validation Set: 4,836 images with both
known and novel category annotations [35]. (4) Metric: Av-
erage Precision (AP) at IoU=0.5 [8, 35].

OV-LVIS (LVIS Benchmark): (1) Category Split: 866
known (common + frequent) and 337 novel (rare) cate-
gories, following ViLD [8]. (2) Metric: mask AP (mAP)
following official LVIS protocol [9].

5.2. Implementation Details

Baseline Integration: CODet is implemented on five state-
of-the-art VLM-based detectors (e.g., VILD, VLDet) using
their publicly released codebases. We use CLIP’s text en-
coder to generate embeddings for both known categories
and co-occurrence-derived novel candidates.

Training Configuration: (1) OV-COCO. Architecture:
Faster R-CNN [31] with ResNet50-C4 [11] backbone. Op-
timization: SGD with batch size 8. Learning Rate: Warmup
to 2e-3 over 1k iterations, then decay by 10x at 6k and
8k iterations. Training: Sk iterations (no data augmenta-
tion). (2) OV-LVIS. Architecture: CenterNet2 [39] with
ResNet50 [11] backbone. Optimization: Adam with batch
size 8. Learning Rate: Warmup to 2e-4 over 1k iterations.
Training: 10k iterations with large-scale jittering [7] and
repeat factor sampling. More details in Appendix 1.1.

5.3. Comparison with SOTA

Table 1. Performance on OV-COCO benchmark, where CODet
achieves consistent gains over state-of-the-art methods in both
novel (APY'*!) and known (APX™"") categories. The Base method
refers to Faster R-CNN trained with CLIP embeddings on COCO
base categories.

Method APN&)Vel APKHU\\ n AP All
Base 1.3 52.8 39.3
ViILD [8] 27.6 59.5 513
ViLD-CODet (Ours) 29.2 61.3 53.0
Detic [40] 27.8 51.1 45

Detic-CODet (Ours) 29.8 529 46.8
RegionCLIP [38] 26.8 54.8 47.5
RegionCLIP-CODet (Ours) 28.8 56.4 49.2
BARON [33] 33.1 54.8 49.1
BARON-CODet (Ours) 35.2 56.6 50.9
VLDet [22] 32.0 50.6 45.8
VLDet-CODet (Ours) 33.9 52.3 47.6

5.3.1. Experimental Results on OV-COCO

As shown in Table 1, CODet consistently improves state-of-
the-art VLM-based detectors across both novel and known
categories.  For instance, ViLD-CODet achieves 29.2
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mask

Table 2. Performance on OV-LVIS benchmark, where CODet consistently improves mask AP for novel (mAPy,¢) and known (split
into Common and Frequent subsets) categories across tate-of-the-ar methods and backbones (RN50/Swin-B). The Base method refers to

training only on known categories.

Method Backbone mAPEEK, mAPRSk mAPES o mAPTask
Base RN50 16.3 31.0 35.4 30.0
VILD [8] RN50 16.6 24.6 30.3 25.5
ViLD-CODet (Ours) RN50 18.9 26.1 31.8 273
RegionCLIP [38] RN50 17.1 27.4 34.0 28.2
RegionCLIP-CODet (Ours) RN50 19.3 29.4 35.1 29.7
VLDet [22] RN50 21.7 29.8 34.3 30.1
VLDet-CODet (Ours) RN50 233 31.1 35.5 31.4
BARON [33] RN50 19.2 26.8 29.4 26.5
BARON-CODet (Ours) RN50 21.5 28.6 30.9 28.2
Detic [40] Swin-B 23.9 40.2 42.8 38.4
Detic-CODet (Ours) Swin-B 25.6 41.1 44.3 40.2
VLDet [22] Swin-B 26.3 39.4 41.9 38.1
VLDet-CODet (Ours) Swin-B 27.9 42.1 434 40.1

APNovel (41,6 over VILD) and 61.3 APX™%" (+1.8), while
BARON-CODet attains 35.2 APN"! (+2.1 over BARON),
demonstrating the largest gains. These improvements stem
from CODet’s ability to inject contextual co-occurrence
knowledge (e.g., spatial and functional relationships) as ex-
ternal guidance, bridging the gap between known and novel
categories. Notably, CODet achieves these gains as a plug-
and-play module, requiring no architectural modifications,
underscoring its versatility and scalability.

5.3.2. Experimental Results on OV-LVIS

As shown in Table 2, CODet consistently enhances novel
category detection across diverse architectures. The Base
method (trained only on known categories) achieves a low
16.3 mAPR®K | highlighting the challenge of generaliz-
ing to rare objects. State-of-the-art methods like Detic
and VLDet significantly improve performance, e.g., De-
tic: 23.9 mAPﬁfE‘él and VLDet: 26.3 mAPﬁgf,];l, yet in-
tegrating CODet further boosts results: Detic-CODet at-
tains 25.6 mAPESK (+1.7) and VLDet-CODet reaches
27.9 mAPE®K (+1.6), demonstrating robustness across
backbones (RN50/Swin-B). Notably, CODet also improves
known categories (e.g., +2.0 mAPE®k  for RegionCLIP),
validating its ability to leverage co-occurrence as cross-
category contextual priors. These gains, achieved without
architectural changes, underscore CODet’s plug-and-play
effectiveness in bridging known and novel concepts through

external knowledge.

5.4. Ablation Studies

We analyze the contributions of CODet’s core modules —
— visual co-occurrence extraction (identifying spatially re-

lated objects) and textual co-occurrence validation (LLM-
guided semantic relationships), on the OV-COCO bench-
mark. Using VLDet [22] and Detic [40] as base meth-
ods, we quantify their impact on novel category detection
(mAPN°"*!) and overall performance (mAPA"), with results
detailed in Table 3. More ablation studies see Appendix 1.

5.4.1. Ablation Studies on Textual Co-Occurrence

We evaluate three LLM query templates for textual co-
occurrence generation: spatial proximity (Q1), functional
correlation (Q2), and hierarchical relationships (Q3). Re-
sults in Row 1-6 of Table 3 show that Q1 alone achieves
the highest gains (e.g., 33.0 mAPY°*! for VLDet) compared
to Q2 alone and Q3 alone, as spatial co-occurrence aligns
best with visual object relationships. Combining Q1+Q2
improves robustness (+1.4 mAPN"! over Q1 alone), while
hierarchical (Q3) contributes minimally (+0.1 for Q1+Q3
over QI alone), suggesting functional/spatial dependen-
cies dominate. All templates enhance performance over
baselines, validating LLMs’ role in generating contextually
meaningful co-occurrence candidates.

5.4.2. Ablation Studies on Visual Co-Occurrence

We compare our spatial-distance object grouping strategy
(sObj) with a pixel-distance object baseline (pObj), as
shown in Row 7-8 of Table 3. sObj (joint spatial proximity
and overlap) outperforms pObj by +1.4 mAPN"! (VLDet)
and +1.5 mAPN"! (Detic), demonstrating adaptive group-
ing better captures contextual object relationships. Even
with pObj, CODet improves over vanilla methods (e.g.,
+0.5 mAPN"! over VLDet in Table 1), underscoring tex-
tual co-occurrence’s complementary role. This highlights

22115



Table 3. Ablation study of CODet components on OV-COCO with VLDet and Detic as base methods. We evaluate textual co-occurrence
strategies (Q1-Q3 in §4.3.1) and visual co-occurrence methods: sObj (spatial-nearest Object proposal in §4.2.1) vs. pObj (pixel-nearest
Object proposal). Metrics include novel (mAPN**!) and overall (mAPA") performance.

CODet Textual Extraction Visual Extraction VLDet Detic
Variants Ql Q2 Q3 sObj pObj mAPN! mAPA! mAPN! mAPA!
1 v v 33.0 47.2 28.9 46.1
2 v v 32.5 46.7 28.2 45.8
3 v v 32.2 46.4 28.1 45.5
4 v v v 33.4 47.3 29.4 46.6
5 v v v 33.1 46.9 29.1 46.3
6 v v v 32.5 46.5 28.5 45.8
7 v v v v 32.5 46.2 28.3 46.1
8 v v v v 33.9 47.6 29.8 46.8

the necessity of both precise visual grouping and validated
textual knowledge for robust open-vocabulary detection.

5.5. Visualization

5.5.1. Visual-Textual Co-Occurrence Alignment

Textual Co-Occurrence

Visual Co-Occurrence

A photo of frisbee and dog.  (0.553)
A photo of frisbee and park. (0.050)
A photo of frisbee and grass. (0.169)
A photo of frisbee and beach. (0.014)
A photo of frisbee and ball.  (0.214)

A photo of sheep and person. (0.076)
A photo of sheep and dog. (0.498)
A photo of sheep and farm. (0.118)
A photo of sheep and grass.  (0.188)

A photo of sheep and fence.  (0.120)

Figure 4. LLM-generated textual co-occurrence candidates (red)
derived via spatial proximity strategy are scored using VLM-
based similarity (values in parentheses). Known categories
(green boxes, e.g., frisbee, sheep) guide novel category detection
(yellow boxes, e.g., dog), with foreground-background pairs
(sheep/grass) illustrating contextual relevance. Higher scores (e.g.,
frisbee+dog: 0.553) reflect stronger alignment.

Our experiments validate that CODet’s visual-textual co-
occurrence knowledge alignment (§4.3.2) effectively mit-
igates misleading foreground/background associations in-
herent in spatial proximity-based object co-occurrence find-
ing. As shown in Figure 4, naive object co-occurrence find-
ing often link the anchored known object to irrelevant en-
vironmental context (e.g., sheep—grass, similarity=0.188)
due to dominant visual patterns. We address this us-
ing visual-textual co-occurrence knowledge alignment, i.e.,

by validating co-occurrence candidates via LLM-guided
templates (§4.3.2), CODet prioritizes semantically rele-
vant relationships (e.g., sheep—dog, similarity=0.498) over
visual object proximity, reducing background-dominated
matches by 23% (textual co-occurrence: sheep+grass vs.
sheep+dog). This is also evidenced by improved novel cat-
egory detection (e.g., +1.6-2.1 APN°*! in Table 1), where
injected pseudo-labels derived from high-confidence pairs
(Figure 4, frisbee—dog) bridge known and novel con-
cepts, underscoreing the necessity of cross-modal validation
(§4.3) to transform raw visual spatial patterns into helpful
external knowledge.

5.5.2. Textual Co-Occurrence Description

As illustrated in Figure 5, we visualize co-occurrence cat-
egory generation via three strategies (see Appendix 1.2 for
details):

Spatial Proximity (Figure 5(a)): For anchored objects
(e.g., fork, motorcycle), co-occurring categories (e.g., nap-
kin, helmet) are retrieved via spatial proximity (Q1) queries.
These align with visual arrangements (e.g., bench-trash can,
mouse-keyboard), validating cross-modal consistency be-
tween spatial patterns and textual descriptions.

Functional Correlation (Figure 5(b)): When spatial
proximity is insufficient, co-occurrence is inferred through
functional associations. For example, fork-spoon (func-
tional similarity), motorcycle-bicycle (category similarity),
and mouse-touchpad (complementary use) are derived via
Q2 query, ensuring alignment even in sparse spatial con-
texts.

Hierarchical Relationship (Figure 5(c)): This strategy
resolves cases where spatial/functional cues fail by lever-
aging LLLM-driven taxonomy. Pairs like fork-bowl (utensil
hierarchy), motorcycle-airplane (vehicular taxonomy), and
mouse-smartphone (interactive devices) demonstrate hier-
archical co-occurrence, preserving cross-modal coherence.
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A photo of fork and A photo of motorcycle A photo of fork and
napkin. and helmet. spoon.

A photo of bench and
trash can.

A photo of mouse
and keyboard. couch.

A photo of motorcycle

A photo of bench and

A photo of motorcycle

and bicycle. bowl. and airplane.

A photo of mouse A photo of bench and
and touchpad. table.

A photo of mouse
and smartphone.

(a) Spatial Proximity (Q1).

(b) Functional Correlation (Q2).

(c) Hierarchical Relationship (Q3).

Figure 5. Visual-Textual Co-Occurrence Alignment via three strategies: (a) Spatial Proximity, (b) Functional Correlation, and (c) Hi-
erarchical Relationship. In each image, anchored known proposal b; (green), nearest neighbor proposal b} (yellow) and minimal
co-occurrence proposal b;° (orange) are highlighted. The textual co-occurrence description under each image, pairs the anchored cate-
gory ¢; (black italic) with LLM-validated co-occurring category c; (red italic), e.g., fork (known) and napkin (novel).

Table 4. Zero-shot cross-dataset performance. CODet-trained
models (on COCO) achieve higher novel category detection
(mAPN"! at ToU=0.5) on PASCAL VOC (20 categories, 9 novel to
COCO) and LVIS (1203 categories) without fine-tuning, demon-
strating generalization to domains with divergent category distri-
butions. CODet improves VLDet by +2.6 mAP on PASCAL VOC
and +2.3 mAP on LVIS, highlighting its ability to transfer co-
occurrence knowledge across datasets.

Method PASCAL VOC  LVIS
VLDet 61.7 10

VLDet-CODet 64.3 12.3
RegionCLIP 46.9 6.1
RegionCLIP-CODet 48.6 8.1

5.6. Transfer to Other Datasets

We evaluate CODet’s zero-shot capability by directly ap-
plying its COCO-trained model to PASCAL VOC (20 cate-
gories, 9 novel to COCO) and LVIS (1203 categories) with-
out fine-tuning, adapting only classifier embeddings to tar-
get domains. Despite domain shifts (e.g., PASCAL VOC’s
distribution gaps) and LVIS’s expansive category coverage,
CODet improves VLDet by +2.6 mAPN°**! on PASCAL
VOC (61.7—64.3) and +2.3 mAPN°"®! on LVIS (10—12.3)
(Table 4). These gains demonstrate that CODet’s co-
occurrence knowledge, extracted from COCO’s visual-
textual patterns, transfers effectively to semantically re-
lated categories in LVIS (e.g., utensil hierarchies) and cross-

domain scenarios, validating its robustness in leveraging ex-
ternal contextual priors for open-world generalization.

6. Conclusion

We present CODet, a framework that enhances OVOD by
integrating externally validated co-occurrence knowledge,
mined from visual object relationships and LLM-derived
semantic dependencies, to bridge known and novel cate-
gories. Unlike prior works reliant on internal VLM knowl-
edge, CODet introduces a plug-and-play module that ex-
tracts spatial co-occurrence patterns, validates them via
LLM-guided textual dependencies, and injects contextual
pseudo-labels to guide detection. Extensive experiments
demonstrate consistent gains across benchmarks, achieved
without architectural modifications. The framework’s com-
patibility with diverse VLM-based detectors underscores its
practicality, while its modular design enables seamless inte-
gration with evolving VLMs/LLMs, advancing multimodal
synergy in open-world perception.

Limitation: While CODet excels in VLM-based OVOD,
adapting it to non-VLM paradigms (e.g., caption supervised
methods) requires architectural adjustments. The quality of
co-occurrence knowledge relies on the accuracy of founda-
tion models (VLM/LLM), risking bias propagation. Future
works include extending CODet to broader detection frame-
works and mitigating biases through robust cross-modal
validation.
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