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ABSTRACT

Recent advances in pre-trained vision-language models (VLMs) have spurred efforts to
enable object detection systems to generalize beyond training categories, effectively identifying
novel objects in diverse contexts. These models have demonstrated remarkable potential in
bridging visual and semantic representations. Traditional knowledge-distillation based open-
vocabulary object detection methods primarily distill knowledge by aligning region embeddings
with features extracted from pre-trained VLMs. BARON extended this approach by introducing
the concept of bag of region and aligns bag-of-region embeddings with corresponding features
extracted from frozen VLMs, exploiting the compositional structure of semantic concepts within
scenes. Building upon the Mask R-CNN framework, this evolution utilized region proposals to
align both individual and grouped regions, thereby capturing the rich visual-semantic

relationships embedded in large-scale datasets.

Building on the BARON framework, we extend this approach to further refine the
representation of bag-of-region embeddings. By incorporating label smoothing and similarity-
preserving knowledge distillation, our method enhances the alignment and fully leverages the
compositional structure of semantic concepts. Integrated into the BARON architecture, the
proposed approach achieves a significant improvement of 1.2 box AP;, on the open-
vocabulary COCO benchmark. This performance gain demonstrates that even with minimal
architectural modifications, our method effectively enhances the alignment process, validating
our method’s ability to more effectively utilize the visual-semantic knowledge inherent in

VLMs.

Key words : Open-Vocabulary Object Detection, Vison-Language Models (VLMs), BARON,
Knowledge Distillation, Label Smoothing, Similarity-Preserving Knowledge Distillation,

Object Detection, Out-of-Distribution, Region Proposal
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Figure 1 | Open Vocabulary Object Detection

Object detection is one of the most fundamental and essential tasks in the field of
computer vision, serving as a cornerstone for scene understanding. It is widely applied across
various real-world domains, including autonomous vehicles, security and surveillance
systems, medical imaging analysis, sports science, and logistics management. The field has
continuously evolved over its long history, driven by the rapid advancements in deep learning
technologies. However, traditional object detection models face a critical limitation: they rely
on the availability of extensive bounding box annotations for training data, which is both time-

consuming and costly to obtain.

To overcome these constraints, methodologies such as zero-shot object detection
and weakly-supervised object detection have been actively explored. These approaches
aim to achieve robust performance in out-of-distribution settings without requiring full
supervision. Among these, Open-Vocabulary Object Detection (OVOD) aims to enable models

to effectively detect objects belonging to novel categories, going beyond the base



categories, by utilizing only bounding box annotations of base categories along with weak
supervision (e.g., visual grounding data, image captions, and image labels). Notably, following
the advancements in large-scale vision-language models (VLMs) such as CLIP|6], there has

been an ongoing effort to efficiently utilize these pre-trained models for OVOD.

Currently, open-vocabulary object detection aims to achieve high object detection
performance by utilizing the image-text embeddings from pre-trained vision-language models
(VLMs). The methods actively researched in open-vocabulary object detection can be broadly
categorized into four approaches: region-aware training, pseudo-labeling, knowledge
distillation, and transfer learning. 1) Region-aware training attempts to implicitly
align image-text pairs without using the image encoder from the VLM. The goal is to align
regions within the image directly with the associated text descriptions. 2) Pseudo-labeling

works by explicitly constructing pseudo-labels for novel classes using image-
text pairs. This helps to mitigate the degradation in learning caused by insufficient
annotations. Common techniques include generating pseudo region-word or region-caption
pairs for novel classes and leveraging these for model training. 3) Knowledge distillation

transfers knowledge from pre-trained VLMs, like CLIP| 6], by learning region
embeddings from region proposals. Since region proposals generated by Region Proposal
Networks (RPNs) in models like Faster R-CNN may contain objects from novel classes, it
is crucial to correctly classify them into their respective novel classes. In knowledge
distillation approaches, both the detector backbone and the image encoder from the VLM are
used during training. However, the image encoder is not used during inference, which helps
avoid increased computational overhead, though the training process remains computationally
intensive. 4) Transfer learning addresses this overhead by using only the VLM’s image
encoder in both the training and testing phases, thereby reducing computational costs while
still maintaining effective performance. These four approaches represent the core strategies
being explored to improve open-vocabulary object detection, each with its own balance of

computational efficiency and performance in recognizing novel object categories.



In this study, we aim to enhance the performance of BARON , a representative model
of the knowledge distillation approach. BARON was designed to overcome the limitations of
traditional knowledge distillation based object detection models that align region proposals
independently. By grouping region proposals predicted by the Region Proposal Network
(RPN) into “bags of regions”, BARON not only distills knowledge for individual region
proposals but also learns embeddings for these bags. To achieve this, BARON introduced a
method that samples neighborhood regions with a certain probability to form multiple sampled
bags of regions centered on each region proposals. These sampled bag embeddings are then
aligned with pre-trained image features through contrastive learning. This approach
significantly improves the detection performance for novel categories by better understanding

the relationships among visual concepts.

However, BARON encounters a limitation in the alignment process of bag-of-region
embeddings, where the knowledge distillation fails to adequately capture the tendencies
inherent in the teacher embeddings. Specifically, BARON mistakenly treats different sampled
bags of regions centered on the same region proposal as negative pairs, learning to
indiscriminately push them apart in the student embedding space. However, an analysis of the
self-similarity among the pre-trained CLIP image features of bag-of-region embeddings
reveals a distinct pattern: bags of regions centered on the same region proposal exhibit
significantly higher similarity to each other compared to those centered on different region

proposals.

Knowledge distillation assumes that the teacher model possesses the ability to excel at the
target task and aims to transfer that knowledge effectively to the student model. In this
context, the goal is to align the space of pre-trained CLIP embeddings (teacher model) with
the space of region embeddings (student model). If the teacher model exhibits distinctly high
similarity scores between certain bag-of-region embeddings, the student model should strive
to replicate this alignment. To address this, we propose an auxiliary loss term that reduces the

Euclidean distance between the self-similarity matrices of bag-of-region embeddings obtained



from the teacher and student models during training. Experimentally, our approach
demonstrates an improvement of 1.2 AP, on the novel categories compared to BARON
under the same conditions on the COCO dataset for conventional open-vocabulary object

detection settings.

2. Related Works

2.1. Faster R-CNN

Faster R-CNN represents a groundbreaking advancement in the field of object
detection, introducing the Region Proposal Network (RPN) to efficiently generate object
proposals from feature maps. Unlike previous methods that required a separate region
proposal step, Faster R-CNN integrates this process within a single architecture, enabling
rapid generation of object regions using the RPN. This innovation allowed the entire object
detection pipeline to be trained end-to-end, resulting in significant improvements in both

accuracy and speed.

Technically, Faster R-CNN combines two key stages of object detection: first, the RPN
generates object proposals, and then these proposals are classified and refined in terms of their
locations through a regression mechanism. This unified approach substantially improved both
the efficiency and the speed of object detection, establishing Faster R-CNN as a foundational

framework in the field.

In this study, we employ a modified version of the Faster R-CNN architecture to perform
open vocabulary object detection. By adjusting and extending specific components of the
original network, our approach aims to maximize detection performance for a diverse range of

classes that are not pre-defined, pushing the boundaries of open vocabulary detection.



2.2. CLIP

Previous computer vision systems were primarily limited to learning predefined object
categories. This approach made it difficult for these systems to adapt to new visual concepts
without additional labeled data, thus reducing their flexibility and usefulness. These
limitations arose because they relied heavily on strict forms of supervision. However, with the
introduction of CLIP|6], the gap between weakly supervised approaches and zero-shot

learning using raw text has been significantly narrowed.

CLIP learns by processing text and image data together, mapping them into single
embedding space. This allows the model to understand how images and text related to one
another, which is at the core of its multimodal training. CLIP achieves this through contrastive
learning, using text embeddings generated by a text encoder and image embeddings produced
by an image encoder. By calculating cosine similarity, CLIP ensures that the similarity score is
maximized for positive pairs (matching image-text pairs) and minimized for negative pairs.
This process aligns the embeddings of positive pairs closely while separating those of non-
matching pairs. As a result, CLIP learns a cohesive embedding space that bridges the gap

between text and visual information.

One of CLIP’s major strengths is its ability to perform open-vocabulary recognition,
meaning it can handle new tasks or categories without needing additional fine-tuning on

specific datasets or objects.

Additionally, CLIP|6] supports zero-shot learning, which allows it to tackle completely
new tasks with no extra training. This capability is incredibly useful when dealing with

situations where labeled data is limited or unavailable, making it a highly versatile model.

In our research, we take advantage of CLIP’s pre-trained text and image encoders to

perform open-vocabulary object detection (OVOD). Without retraining the encoders, we



directly use the embeddings they generate, aligning them through a contrastive learning
framework similar to CLIP’s original training process. By leveraging this alignment, we aim
to improve the object detection model’s ability to generalize to novel classes that were not

seen during training, ultimately achieving better performance in OVOD tasks.

2.3. Open-Vocabulary Object Detection

Open Vocabulary Object Detection (OVOD) is a task in the object detection field that aims
to detect not only predefined classes but also new and unseen objects. While traditional object
detection models can only accurately identify objects within the trained classes, OVOD is
designed to detect and classify objects that the model has not been explicitly trained on. The

core technologies enabling this capability are zero-shot learning and vision-language models.

OVOD leverages large-scale image-text pairs to connect visual features with linguistic
meanings. This allows the model to combine textual descriptions with visual features when
detecting unfamiliar objects. Notable models like CLIP (Contrastive Language-Image
Pretraining)|6| and ALIGN (Vision-Language Pretraining) use this approach to align

image embeddings with text embeddings, enabling detection of new objects.

OVOD has broad applications, such as in autonomous vehicles, where it helps detect novel
road signs or obstacles in real-time, or in robotic vision, where it aids in recognizing untrained
objects in various environments. It can also enhance image search by identifying and

classifying previously undefined objects, expanding search capabilities.

Driven by advancements in OVOD, research is utilizing large datasets like COCO and
LVIS (Large Vocabulary Instance Segmentation) to improve model generalization and

explore more flexible methods for detecting a wider variety of objects.



2.4. OVR-CNN

OVR-CNN(Open Vocabulary Region-based Convolutional Neural Networks)|7] played a
key role in advancing open-vocabulary object detection (OVOD). It was one of the first
models to tackle the limitations of traditional object detection, which only focused on a fixed
set of categories. OVR-CNN leveraged multimodal learning, combining text embedding with
visual features, enabling the model to detect objects beyond the predefined classes, a

foundational step in open-vocabulary detection.

One of the critical contributions of OVR-CNN was its use of contrastive learning to align
text and image embeddings. This alignment improved the model’s ability to generalize to
unseen categories, influencing later models like CLIP|6] that further refined this approach.
OVR-CNN also introduces zero-shot learning to object detection, demonstrating that a model
could detect novel objects without needing additional training on those categories, an idea that

has become central to modern OVOD tasks.

Although OVR-CNN is no longer in widespread use, its innovations in text-image
alignment and zero-shot learning have greatly shaped current research. These principles
continue to inform the development of more advanced models that push the boundaries of

object detection in open-world scenarios.

2.5. ViLD

ViLD(Vision-Language Model Distillation) has made significant strides in the field of
open-vocabulary object detection by leveraging knowledge distillation from large-scale vision
language models, such as CLIP|6]. ViLD transfers the generalization ability of these models,
which have been trained on extensive datasets of image-text pairs, into a region-based object
detection framework. Through this distillation process, ViLD enables object detection models

to recognize novel categories not seen during training, overcoming the limitations of



traditional closed-set detection.

The key innovation in ViLD is its use of multimodal embedding and contrastive learning
to align visual regions with textual descriptions. This alignment allows ViLD to detect objects
from a broader, open vocabulary without the need for explicit fine-tuning on new object
categories. ViLD’s knowledge distillation approach is particularly relevant to our research, as
we also employ distillation techniques to transfer the generalization capabilities of a vision-

language model into our object detection framework.

By incorporating the knowledge distillation methodology, our work builds on the
principles established by ViLD, using pre-trained vision-language models to improve the
generalization of open-vocabulary object detection. This allows us to handle novel classes in a
similar fashion, enhancing the model’s performance in recognizing objects beyond the

predefined categories.

3. Preliminaries

3.1. Open-Vocabulary Object Detection

Open Vocabulary Object Detection (OVOD) leverages pre-trained Vision-Language
Models (VLMs) to detect novel categories (unseen data) by learning from base categories
(seen data). OVOD primarily relies on the image-text embedding capabilities of VLMs,

enabling it to excel in scenarios with limited or no annotations for novel categories.

In OVOD, the process begins with generating embeddings for both images and text using
the image encoder and text encoder of a pre-trained VLM. Object regions are proposed

through a Region Proposal Network (RPN), and features are extracted for these regions. These



features are then projected into the VLM’s embedding space, allowing the model to establish
meaningful relationships between the visual features of the image and the semantic features of
the text. By utilizing the generalized representation power of the VLM, the model is capable
of detecting unseen categories, even in the absence of novel class annotations. This makes
OVOD a powerful approach for extending object detection capabilities to scenarios with

limited or no labeled data for novel categories.

In contrast, applying Knowledge Distillation to OVOD introduces a different training
paradigm. This approach frames the pre-trained VLM as a teacher model and the object
detector as a student model, with the goal of transferring knowledge from the teacher to the

student.

Specifically, the teacher model uses the pre-trained VLM’s image encoder to extract
powerful feature embeddings, creating a robust embedding space. Then, the RPN generates
region proposals from the image, and these proposals are converted into embeddings by the
student model’s feature extractor. A similarity matrix is constructed between the embeddings
of the teacher and the student, where positive pairs are trained to be closer and negative pairs

are trained to be farther apart.

Through this process, the rich representation capabilities of the teacher model are
effectively transferred to the student model, enabling the student to achieve strong detection

performance not only on base categories but also on novel categories.

3.2. BARON

In this paper, for simplicity, we build upon the ideas of the existing BARON|14|. Various
methods, including BARON, are built upon Faster R-CNN to perform object detection. To
classify objects from novel classes that were not seen during the training process, BARON

adds a linear layer that projects each region proposal’s region embedding into the word



embedding space. The projected region embeddings are referred to as pseudo words, and
these pseudo words are then passed through a text encoder. The text embeddings obtained
from the text encoder are compared with pre-trained category embeddings by calculating their
similarity, ultimately yielding the classification results. Category embeddings primarily use

pre-trained text embeddings from models like CLIP

The text encoder T maps the pseudo word w to the pre-trained text embedding, assigning
the pseudo word to a specific object category based on the distribution of probabilities as

follows.

_ exp(t - (T(W), fc))
pC iC:_01 exp(‘[ . (T(W); fl>)

(1)

(- ) denotes the cosine similarity between the two embeddings, and T is a hyperparameter
representing the temperature. For the total of C object categories provided, each category is
embedded by modifying the 'category' part of a specific prompt (e.g., 'a photo of {category}

in the scene'), and the corresponding class embedding f, is obtained.

In this process, open-vocabulary object detection relies on the base categories that are
annotated only with bounding boxes during training, and other training processes and loss

calculations follow methods similar to Faster R-CNN

BARON highlights a critical issue in existing knowledge distillation methods, where
region embeddings are learned individually from the features of vision-language models
(VLMs), such as CLIP. The authors of BARON argue that while existing methods align region
embeddings with individual features, they fail to fully exploit the compositional structures
present in the image. Therefore, BARON aims to go beyond learning the visual information of
individual objects within an image by leveraging compositional structures. It further seeks to

learn the co-existence of visual concepts, capturing the relationships between them.
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object detectors. (c) BARON method aligns the embedding of bag of regions.

BARON's training process builds upon the widely studied knowledge distillation
approach|13][15]. Similarly, it trains the model to classify region embeddings using pre-
trained text embeddings, while also ensuring that the region proposals are learned to resemble
the image embeddings obtained by feeding them into a frozen pre-trained image encoder. This

enables the model to transfer the visual knowledge embedded in the pre-trained image

encoder.

The BARON model learns to represent and align "bags of regions" (groups of object
regions) between a student model (the open-vocabulary object detector) and a teacher model

(vision-language models, VLMs). The learning process consists of three main steps:



Region
Proposal

Candidates

Sampled
Bag of Regions

Figure 3 | Forming Bag of Regions

Region
Proposal

Valid
Candidate

Invalid
Candidate

1) Forming bag of regions : BARON creates bag of regions to capture the relationships

between multiple objects appearing together in an image. To do this, it groups adjacent regions

with similar sizes. This method focuses on multiple areas rather than a single regions. The

Region Proposal Network(RPN) is used to select the primary region of interest, and

surrounding regions are included to form a bag.
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2) Representing bag of regions: In BARON, representing the bag of regions involves two

key models: the student model and the teacher model. Each region is denoted as b, where j

represents the j-th region within i-th bag of regions. These bags are used to capture the



spatial and semantic relationships between multiple regions in an image.

For the student model, the regions are first converted into pesudo words, denoted as Wji.
To ensure that spatial information, such as relative box positions and sizes, is not lost,
positional embeddings p;'- are added to theses pseudo words. This helps the student model
understand the spatial relationships between regions in the bag. The combined pseudo words

and positional emebeddings are then fed intp the text encoder T, producing the student’s bag-

of-reigons emebedding f :

fE=T(ws+po . wi+pi,~, Wyog +DPh-1) @)

For the teacher model, the regions in the bag, represented as b’, are enclosed within an
image crop. This crop is then passed through the image encoder V of the vision-language
model (VLM). Any content outside the defined regions is masked out, ensuring that the
features focus only on the relevant areas. The teacher’s bag-of-regions emebedding f} is

calculated as :

fi =V(by,bi,+  by_1) (3)

These emebeddings f! and f/ are the foundational representations used for alignment in the

next step.
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3) Aligning bag of regions : To align the embeddings from the student and teacher
models, BARON employs a contrastive learning approach. This process ensures that the
student model learns to encode the coexistence of multiple regions and their relationships
effectively. The alignment process uses the InfoNCE loss function, which encourages positive
pairs (similar embeddings) to be closer while pushing negative pairs (dissimilar embeddings)

apart. The loss for aligning the embeddings is calculated as :

G-1
1
Lyag=—75 . (og(pky) +logwho) )
k=0

Here, pf, and p;, represent the probabilities of the student and teacher embedddings

aligning correctly for the k-th bag of regions. These probabilities are defined as :

kK _ exp(Tbag ) (ftk:ﬁ:k»

tv = oG- 5
Pt, Yo exp (Tpag {5 i) ®
p{flt _ eXp(Tbag ’ (ﬁ;k:ftk» 6)

Z?:_ol exp (Tbag ’ (ﬁJk'ftlD



In these equations, 7' is the temperature parameter used to rescale cosine similarity values and
G denotes the total number of bags of regions. This alignment process helps the student model
not only learn the features of individual regions but also capture the spatial and conceptual

relationships between multiple regions within an image.

4. Methods

4.1. Limitations of BARON

shows that the image and region proposal are effectively aligned in the final stages of
knowledge distillation. This method allows the student embedding to fully capture the visual

knowledge transferred from the teacher embedding.

The pairs indicated by green arrows are recognized as positive pairs in contrastive learning
and are trained to become closer, while the pairs marked by red arrows are identified as
negative pairs and are trained to become farther apart. On the surface, this may seem
unproblematic, but when considering that contrastive learning is being applied between
different bags of regions sampled around the same origin region proposal, an issue arises.
Furthermore, since these student embeddings are simply concatenated features, and they likely
share similar patches, it becomes problematic that the student embeddings obtained from the
same origin region proposal (yellow arrows) are being trained to move farther apart. While in
practice, enough negative samples are provided, it is clear that there is still room to further

improve the training process.
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The Fig. 7 below presents the self-similarity matrices of bag-of-region features within a batch,
obtained from both the trained BARON model (left) and the pre-trained CLIP image encoder
(right). When generating the self-similarity matrices, certain cases were masked out: self-
comparisons and instances where the permutation of candidate neighbor regions was identical,
resulting in the same bag of regions with similarity scores of 1. For the remaining feature pairs,
cosine-similarity was calculated and normalized using a Softmax function. Bag of regions

derived from the same region proposal are enclosed in red boxes for clarity.

In the case of the pre-trained CLIP image encoder (teacher model), bag-of-region embeddings
derived from the same region proposal exhibit consistently high similarity scores. In contrast,
the trained BARON model fails to sufficiently capture this pattern. Since these bags of regions
are centered on the same region proposal, they are formed using similar patches and focused on
overlapping areas, which intuitively suggests higher cosine similarity. However, this expected

behavior is not reflected in the trained BARON model’s outputs.
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4.2. Label Smoothing

As the first solution, we applied the Label Smoothing technique, which introduces a
small degree of uncertainty to the ground truth labels to prevent the model from becoming
overly confident about a specific class. In the original approach, contrastive learning was
performed using an affinity matrix represented as a one-hot vector. This matrix was used to
calculate the similarity matrix between the teacher and student embeddings, ensuring positive
pairs are brought closer together while negative pairs are pushed farther apart. However,
embeddings from different bags within the same region proposal were often treated as

completely negative pairs, causing them to diverge excessively during training.

To address this issue, we introduced a smoothing parameter, «, to adjust the separation
between negative pairs. For example, with ¢ = 0.1, the probability of the correct class is
reduced from 1 to 0.9, and the remaining probability is evenly distributed across other classes.
This adjustment forces the model to maintain a small degree of uncertainty, thereby reducing

overfitting and mitigating the vulnerabilities caused by overconfidence.



However, the previous approach had a limitation of applying the same a value to all
negative pairs, failing to account for the relationships between components of the bag. To
address this, we explored a new approach that incorporates Positional Similarity. Using
Jaccard Similarity, we calculated the similarity between region embeddings and applied higher
smoothing values for closer embeddings and lower smoothing values for more distant
embeddings. This adjustment ensures that highly similar negative pairs are not pushed too far

apart, reflecting the inclusion relationships among the components within the bag.

Unfortunately, the performance with Positional Similarity was lower than when using a
fixed \alpha. This result suggested that relying on a fixed degree of adjustment for negative
pairs might not be effective. Consequently, we shifted our focus to Similarity-Preserving
Knowledge Distillation, which preserves the relative distances between embeddings during
training. This method ensures that the student model learns to maintain the spatial and
semantic relationships between visual concepts, leading to more robust and generalized

performance.

4.3. Similarity-Preserving Knowledge Distillation

As the second solution, we adopted the Similarity Preserving Knowledge Distillation
approach. This method emphasizes the importance of not only improving the accuracy of
individual embeddings but also preserving the relative relationships between embeddings
during the learning process. By learning the self-similarity matrix of the teacher and student
embeddings, similarity-preserving knowledge distillation ensures that the structural
relationships between different embeddings, as captured in the teacher model, are effectively
transferred to the student model. This approach is grounded in research that highlights the
significance of capturing these relative similarities as an integral part of knowledge

distillation.

The core idea of similarity-preserving knowledge distillation is straightforward yet



powerful. First, the embeddings from both the teacher and student models are transformed into
self-similarity matrices, which encode the pairwise similarities among embeddings in their
respective spaces. These matrices capture the interrelationships within the embedding space.
To ensure comparability, the matrices are normalized to align their scales. The divergence
between the teacher and student self-similarity matrices is then quantified using the Frobenius
Norm, which calculates the Euclidean distance by summing the squared differences of

corresponding elements.

To minimize this divergence, the Frobenius Norm is incorporated into the training process
as an auxiliary loss term, added to the existing loss function. This auxiliary loss encourages
the student model to mimic the teacher’s self-similarity matrix, thereby preserving the relative
relationships between embeddings. This approach goes beyond simply refining individual
embedding quality; it enables the student model to better capture the structured relationships

inherent in the teacher model’s embeddings.

By preserving these relational structures, similarity-preserving knowledge distillation
enhances the student model’s ability to generalize, particularly when dealing with unseen data
or novel categories. This method ensures that the student model inherits not just the feature
extraction capabilities of the teacher but also the critical inter-embedding relationships that

underpin robust generalization.

Ultimately, similarity-preserving knowledge distillation leverages the relational structure of
embeddings to improve the quality of knowledge transferred during training, resulting in a
model that delivers superior performance even in challenging, unseen scenarios. This
approach demonstrates the profound impact of incorporating structural alignment into

knowledge distillation.



5. Experiments

5.1. Dataset and Evaluation Metrics

Dataset Our proposed method is evaluated on two renowned object detection benchmarks,
with primary emphasis on the COCO dataset. Adopting the experimental framework
introduced by OV-RCNN, we categorize the object classes into 48 base categories and 17
novel categories. This partitioning enables a thorough examination of our model’s capacity to
generalize to unseen categories, while simultaneously leveraging the rich annotations and
diverse visual representations inherent in the COCO dataset. By employing this setup, we aim
to underscore the strength of our approach in delivering robust performance across both base

and novel categories—a pivotal challenge in the domain of open-vocabulary object detection.

Evaluation Metrics To thoroughly evaluate detection performance, we measure our model’s
effectiveness on both base and novel categories. This strategy provides a comprehensive
perspective on the model’s ability to generalize to unseen categories while maintaining high
accuracy on familiar ones. For the COCO dataset, within the scope of open-vocabulary object
detection (OVCOCO), we adhere to the evaluation protocol outlined by OV-RCNN. In line
with this framework, we report the box Average Precision (AP) at an Intersection over Union
(IoU) threshold of 0.5, commonly referred to as AP50. This metric serves as a robust indicator
of the precision-recall balance, offering a precise assessment of detection performance across

both base and novel categories.

5.2. Implementation Details

We use BARON, built on Faster R-CNN with ResNet50-FPN, as our baseline model. To
ensure a fair comparison with previous methods, the backbone network is initialized with

weights pre-trained by SOCO, and we incorporate synchronized Batch Normalization (SyncBN),



as suggested by DetPro. All experiments were conducted exclusively on the COCO dataset, and
the model was trained for 90k iterations using a 1x training schedule. For the Vision-Language

Model (VLM), we employed the CLIP model with a ViT-B/32 architecture.

Methods | APEe  APIg™
BARON (Baseline) | 0.3390 0.2310
Label Smoothing [pos_sim=False, oz = 0.005] ’ 0.3520 0.2430
Label Smoothing [pos_sim=True, a = 0.005, 3 = 0.015] ’ 0.3330 0.2310
Similarity-Preserving KD (v = 2500) ‘ 0.3420 0.2430

Similarity-Preserving KD (y = 2500) 0.3410 0.2320
+ Label Smoothing [pos_sim=False, @ = 0.01]
Similarity-Preserving KD (y = 2500)

0.3310 0.2420
+ Label Smoothing [pos_sim=True, a = 0.005, 8 = 0.015]

Table 1 | Comparison between the original BARON & Ours

5.3. Quantitative Results

The comparison between the original BARON and our proposed methods under the same
experimental settings is reported in Table 1. First, we observe that applying label smoothing
leads to an improvement of 1.2 APs, on novel categories compared to the original BARON.
However, empirically, the performance exhibited significant sensitivity to the hyperparameter
a, varying considerably with random seeds. When incorporating positional similarity, this

sensitivity to the @ value became even more pronounced.

Similarly, applying similarity-preserving knowledge distillation, which encourages the
alignment of the student model with the teacher model’s self-similarity matrix, also

demonstrated performance gains of 1.2 APg, on novel categories.



While combining both similarity-preserving knowledge distillation and label smoothing
resulted in additional performance improvement, it was not significantly greater than using

similarity-preserving knowledge distillation alone.

5.4. Qualitative Results

illustrates the self-similarity matrices obtained from the teacher and student models
after applying similarity-preserving knowledge distillation. Similar to , masking was
performed to exclude self-comparisons and identical permutations, and Softmax was applied
to the cosine-similarity of the remaining embeddings. As a result, we observe a notable
increase in similarity between bag-of-region embeddings centered on the same region

proposal, highlighted by the red boxes.

Student Teacher

0.0

Figure 8 | Self-similarity matrices of bag-of-region features within a batch, obtained from both

the similarity—preserved BARON model (left) and the pre-trained CLIP image encoder (right)



6. Conclusion

The original BARON identified the limitation of most knowledge distillation-based Open-
Vocabulary Object Detection methods, which focus solely on learning individual regions. It
further expanded this paradigm by introducing learning through bags of regions. This
approach is significant as it attempts to leverage the potential ability of Vision-Language
Models (VLMs) to learn the compositional structure among multiple objects. However, at the
same time, it falls short of fully utilizing the characteristics of the proposed bag-of-region

representations.

By demonstrating both intuitively and quantitatively the inherent relationships among bags
of regions centered on the same region proposal, we emphasized the importance of aligning
these bags more effectively during contrastive learning. Our experiments revealed that
accounting for these relationships leads to significant improvements in novel category

detection.

Ultimately, our approach refines the recognition of visual concepts surrounding a region
proposal while more precisely capturing the relationships between neighboring patches that
should have been aligned more closely. This enables the learning of a more sophisticated
visual embedding space that captures the co-existence of objects—an essential capability for
addressing the novel category learning challenges inherent in open-vocabulary object

detection tasks.
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