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Open Vocabulary Object Detection (OVD) aims to break through the limitations of 
traditional detectors. Traditional detectors can only rely on a fixed set of 
categories. Although vision-language models like CLIP offer zero-shot recognition 
capabilities, there are still many problems in transferring their global semantics to 
regional-level detection. These problems include inaccurate spatial positioning, 
semantic bias and high computational overhead, etc., which greatly affect the 
actual deployment. This review, with the core perspective of "lightweight and 
deployable", systematically organized 46 OVD studies and classified the existing 
methods into three categories: false label learning, knowledge distillation, and 
architecture optimization. These three types of methods were compared under a 
unified evaluation setting, and the trade-offs among annotation cost, model 
compression and inference speed were analyzed. Afterwards, we summarized the 
key challenges that the OVD field still face, including semantic bias, weak ability to 
detect small targets, and insufficient cross-domain generalization. Finally, we 
discussed several new trends like dynamic prompts of Large Language Models 
(LLMs), adaptive distillation, and collaboration with Segment Anything Model 
(SAM), etc. It is hoped that this can provide a clear reference framework and 
research direction for building scalable and resource-friendly OVD systems. 

 
 
 
 
 
 
 
 
Keywords: 
Open-Vocabulary Object Detection; 
lightweight deployment; knowledge 
distillation; Pseudo-label learning; lightweight 
architecture 

  
1. Introduction 
 

Object detection technology has developed rapidly in recent years. This technology, moving from 
the foundational work of Fast R-CNN [1] and Faster R-CNN's RPN [2] toward highly efficient end-to-
end systems like YOLO [3], has significantly improved the detection speed and accuracy [4]. But these 
models rely on fixed category vocabularies. When they encounter new classes or specific targets, 
they need to be re-labeled and retrained. This process is very time-consuming and memory-
consuming, and it is also difficult to scale, for example, category updates are expensive in 
autonomous driving [5], and long training and maintenance procedures pose a challenge within 
security systems [6]. 
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This problem becomes particularly evident when it comes to professional scenarios such as 
remote sensing and unmanned aerial vehicles. Due to the large differences in target size, numerous 
occlusions, and complex backgrounds, the performance of the model on categories that do not 
appear will decline rapidly [7,8]. To solve this difficult problem, researchers proposed Open 
Vocabulary Object Detection (OVD), with the aim of enabling the detector to recognize new concepts 
that have never appeared in the training set [9]. 

With the rise of Vision–Language Models (VLMs), the function of learning semantics in the joint 
space of images and text has been realized, providing a new foundation for open vocabulary 
detection. Gan et al., [10] analyzed the cross-scene generalization behavior of VLM. However, VLM 
generally has strong semantics but weak spatial perception [11]. If embedding it directly into the 
detection architecture, it will cause positioning errors and performance degradation. The core issue 
in that field then becomes how to reduce the gap between semantic understanding and spatial 
positioning. Lightweight object detection has long explored structural simplification, for example, by 
reducing the structural complexity of the detector through a proposal-free fully convolutional 
framework, an early architectural reference for lightweight object detection is provided [12]. A large 
number of lightweight OVD studies aim to achieve low computational overhead and high deployment 
efficiency while maintaining semantic generalization, main including: 

1. Pseudo-label learning: Utilize CLIP [13] to generate automatic annotations to reduce labor 
costs, including improving the quality of region pseudo-labels [14] and improving region prompting 
strategies [15]. 

2. Knowledge distillation: Transferring the semantic knowledge of large models to small 
detectors, such as cluster-instance discriminative distillation [16] and semantic transfer methods that 
enhance anomaly scenarios [17]. 

3. Efficient structural design: Model compression and architecture optimization to achieve real-
time detection. For example, optimizing the Detection Transformer (DETR) architecture to handle 
small targets [18], lightweight mobile design [19], and OVD frameworks that do not require region 
proposals [20]. 

Representative methods such as RegionCLIP [14], CORA [15], OWL-ViT [21], and CASTDet [22] 
mark the gradual shift of research from large-scale semantic alignment to efficient and deployable 
systems. Figure 1 shows challenges and directions of OVD. 

 

 
Fig. 1.  Lightweight OVD challenges and directions 
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However, most of the existing reviews only focus on a single dimension. For instance, some only 
discuss semantic transfer, while others only focus on lightweight implementation. They lack a unified 
framework to systematically analyze the balance relationship of "accuracy - scalability - efficiency". 
This has created a clear research gap: we still lack a systematic understanding. This understanding is 
about the balance between semantic generalization, inference speed and deployment cost of 
lightweight OVD. Based on this situation, the goal of this article is to sort out the main methods in 
this direction. It needs to clarify the capabilities and costs of different technical routes. It needs to 
build a reusable comparison and evaluation framework. Such an analysis not only helps everyone 
grasp the overall context of the field, but also provides a reference for how to design deployable OVD 
models in actual systems. 

 
1. Propose a systematic method classification: Summarize the algorithm from five aspects: 

pseudo-labeling, distillation, structural optimization, semantic enhancement, and hybrid strategies. 
2. Conduct cross-benchmark comparisons: Uniformly analyze the performance of the algorithm 

in terms of accuracy, inference speed, and model size. 
3. Constructing a general process and evaluation matrix: This paper summarizes the general 

process, representative algorithms, key improvement directions of lightweight OVD, and generalizes 
the relationship between datasets, tasks, and metrics. 

 
This review provides a clear perspective for the understanding of the overall relationship between 

"semantics - efficiency - scalability", and a reference and direction for building scalable and 
deployable open vocabulary awareness systems. 
 
2. Survey Methodology  
 

To ensure that the collection and classification process of literature on lightweight open 
vocabulary object detection is scientific and transparent, this paper presents a systematic and 
reproducible research process. We retrieved papers from major academic databases (IEEE Xplore, 
ACM Digital Library, SpringerLink and arXiv) between 2019 and 2025. And use the keyword 
combinations "open-vocabulary detection", "VLMs" and "lightweight architectures". Among the 
initially identified 625 studies, after undergoing operations such as removing duplicates and 
eliminating irrelevant ones, 46 representative studies were screened out and included in the review 
analysis. The overall process is shown in Figure 2. 
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Fig. 2.  Literature selection procedure (PRISMA style) 

 
In addition, Fig.2 presents the development trends in this field in detail by year and research type. 

It can be seen that since 2021, related research has grown rapidly, especially in the directions of 
lightweighting and semantic distillation. After classification and comparison based on a unified 
technical paradigm, this paper constructs five types of methodological frameworks： 

1. Pseudo-label learning: Utilize vision-language models to generate automatic labels to reduce 
manual annotation. 

2. Knowledge distillation: Transferring semantic knowledge from large-scale multimodal models 
to lightweight detectors. 

3. Architecture optimization: Real-time inference is achieved through model pruning, re-
parameterization, and accelerated structure. 

4. Semantic enhancement: Utilize prompt learning or attribute modeling to improve semantic 
generalization ability. 

5. Hybrid strategy: Integrating multiple technologies to balance accuracy and efficiency. 
Based on systematic selection and classification methods, this paper can compare the 

performance and cost of different research methods under a unified standard. 
 
3.  Method Pattern and Evolution of Lightweight Open Vocabulary Target Detection  
 

Research on open vocabulary object detection initially focused on openness, and then gradually 
evolved into lightweighting, that is, enabling the detector to identify categories that do not appear 
in the training set. The initial research was almost entirely dependent on large-scale visual-language 
pre-trained models, such as CLIP [13], ALIGN [23] or Florence [9]. These models, with their vast 
semantic space of cross-modal alignment, enable the detection task to infer visual concepts from the 
language level for the first time. But models need to have a huge scale of parameters, complex 
reasoning structures and a high dependence on computing resources. The truth is that models can 
understand, but the cost of running it is high, it's hard for them to be available at any time in the real 
system. Figure 3 shows the methods of OVD. Table 1 lists some methods and core mechanisms. 
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Fig. 3.  Lightwight OVD taxonomy 

 
Table 1 
Representative lightweight open-vocabulary detection methods and core mechanisms 
Method Paradigm Core Mechanism Datasets Key Strengths Limitations 
RegionCLIP 
[14] 

Pseudo-label 
+ KD 

Aligns regional features 
with text embeddings 
using CLIP; distillation 
head for compact 
transfer 

COCO, LVIS Reduced 
annotation; 
strong 
generalizatio
n 

Weak spatial 
grounding 

CORA [15] Pseudo-label Region prompting and 
anchor pre-matching for 
better localization 

COCO Improved 
region–text 
consistency 

Transformer cost 

CastDet [22] Pseudo-label Dynamic label queues for 
aerial imagery 

VisDrone Cross-view 
robustness 

Small-object bias 

AA-CLIP [17] Knowledge 
Distillation 

Attribute-aware loss for 
rare class recognition 

LVIS Semantic 
transfer 

Requires large 
teacher 

CLIP-CID [16] Knowledge 
Distillation 

Cluster–instance 
discrimination for 
structured features 

COCO Compact 
representatio
n 

Complex training 

OWL-ViT [21] Architecture Unified vision–language 
transformer for zero-shot 
inference 

COCO End-to-end 
generalizatio
n 

High memory use 

STD-DETR 
[18] 

Architecture Sparse-token distillation 
with lightweight decoder 

COCO, 
VisDrone 

Fast inference Requires 
specialized training 

 
Can the detector be made lighter, faster and more deployable without sacrificing semantic 

openness? Therefore, research on lightweight open vocabulary detection was born. It is not only 
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making the model smaller; more importantly, it is about finding a sustainable balance between 
"semantic generalization" and "computational efficiency".  

The first systematic exploration direction is pseudo-label learning, researchers first attempted to 
start from the data layer. The idea is simple and straightforward: Since CLIP understands images from 
text descriptions, why not let it generate training labels for the detector in return? This approach 
enables the model to expand the category based on zero manual annotation, to achieve 
"unsupervised open vocabulary learning". RegionCLIP enables the detector to automatically label 
candidate regions through image-text matching, thereby learning to recognize unseen categories. 
Since then, researchers have begun to focus on the quality of pseudo-labels. For instance, CORA [15] 
enhances positioning accuracy through regional prompts, while CastDet [22] utilizes dynamic label 
queues to mitigate viewing angle shifts. The pseudo-label paradigm significantly reduces costs, but it 
reveals an inherent deficiency of the semantic capabilities of the CLIP region: it can recognize "cats", 
but it may not accurately indicate "where the cat is". Figure 4 shows the structure of pseudo-label.  

 

 
Fig. 4. Pseudo-label learning pipeline for open-vocabulary detection 

 
This contradiction drove the arrival of knowledge distillation. The core idea of knowledge 

distillation is transferring the knowledge learned by a large, complex “teacher” model into a smaller, 
simpler “student” model without significantly sacrificing performance. Researchers no longer rely on 
large models for direct reasoning, but instead let them act as "teachers", transferring their semantic 
understanding to smaller and more efficient "student" detectors. A typical representative is OVD -st: 
it fixes the CLIP as a teacher and enables students to learn semantic distribution through contrastive 
loss. AA-CLIP [17] adds attribute distillation on this basis, enabling the student model to capture rare 
class features. The advantage of distillation lies in enabling small models to acquire the "soul" of large 
models, but it also brings new limitations —students are always constrained by the teacher's 
perspective. To decrease this static dependence, subsequent research has proposed adaptive 
distillation and feedback distillation mechanisms, enabling students to actively evaluate the reliability 
of teachers' information during the training process, thereby reducing redundant transfer while 
retaining semantic capabilities. Figure 5 shows the structure of knowledge distillation. Table 2 
summarizes key distillation designs and outcomes. 

 

 
Fig. 5. Knowledge distillation framework for lightweight OVD 
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Table 2 
 Representative knowledge-distillation methods for lightweight OVD 

Method Teacher Model Distillation 
Objective 

Efficiency Gain Strengths Limitations 

RegionCLIP 
[14] 

CLIP Feature-
alignment and 
contrastive 
loss 

≈ 30% smaller Balanced 
accuracy/size 

Partial local 
grounding 

AA-CLIP [17] CLIP Attribute-
aware 
semantic loss 

≈ 25% smaller Rare-class 
robustness 

Higher teacher 
cost 

CLIP-CID [16] CLIP Cluster–
instance 
discrimination 

≈ 40% smaller Compact 
features 

Complex 
training 
schedule 

 
Pseudo-labels and distillation significantly enhance the semantic generalization ability of the 

model. However, they still cannot completely address the inherent weakness of open vocabulary 
detection in spatial positioning. The traditional detection methods are different from it. Traditional 
methods continuously enhance the spatial representation ability. They employ mechanisms such as 
multi-scale feature fusion (such as FPN [24] and spatial pyramid pooling [25]), keypoint modeling 
(such as CentripetalNet [26]), and unsupervised pre-training (such as UP-DETR [27]). However, early 
vision-language models typically performed poorly in terms of region alignment, geometric structure, 
and small target modeling. Therefore, when the detection task shifts to open vocabulary scenarios, 
this "strong semantics but weak space" feature will cause obvious performance bottlenecks. It affects 
dense scenarios, small targets and precise positioning tasks. This limitation has prompted a gradual 
change in the research direction.Research is no longer merely about improving the semantic side; it 
has shifted to the systematic optimization of structural and spatial representations. 

Thus, lightweight structural design emerged, including lightweight DETR models [28] and modular 
low-cost OVD frameworks [29]. Methods such as STD-DETR [18],  OWL-ViT [21] pull open vocabulary 
detection from the cloud to real-time applications, through sparse attention, lightweight decoders, 
or structure-heavy parameterization. These models achieve zero-shot detection on mobile and edge 
devices, bringing "open vocabulary" from theory to practice, Figure 6 shows the structure of 
lightweight OVD. However, the lighter the structure, the smaller the semantic capacity. How to 
maintain the reasoning speed, and keep the cross-modal understanding ability becomes a new 
bottleneck.  

 

 
Fig. 6. Efficient architecture design for lightweight OVD 

 
To alleviate the problem of semantic degradation, semantic enhancement and prompt learning 

have begun to come into view. DetPro [30] and PromptDet [31] enable the model to flexibly adjust 
the semantic space based on the visual context through learnable or dynamically generated text 
prompts. AA-CLIP [17] goes a step further by combining attribute modeling with distillation, achieving 
a more fine-grained semantic expression. These models collectively reveal a trend: future OVDs 
should not only "understand language", but also "use language" —that is, make language an active 
mechanism for the model to adapt to different tasks, rather than a static accessory condition. 

In the past two years, hybrid and adaptive methods have become the mainstream direction in 
this field. OVD-SAM [32] integrates the segmentation model with the detector and enhances the 
positioning accuracy through semantic masking. Multi-stage distillation simultaneously utilizes 
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pseudo-labels and distillation signals to dynamically optimize multi-stage training. Adaptive Token 
Routing allocates computing resources based on the input complexity to achieve "on-demand 
reasoning". The series of studies shows that the development of lightweight OVD is shifting from 
single-point improvement to system integration. Models no longer passively follow preset paradigms 
but self-adjust according to task and resource conditions. 

Early OVD mainly focused on "how to understand more", while lightweight OVD addresses "how 
to understand more intelligently". Looking back on this evolution, three main threads can be 
identified: 

1. data self-generation —the model gradually learns to create training signals without human 
intervention; 

2. knowledge self-transfer —semantic capabilities no longer rely on large models but can be 
compressed and transplanted. 

3. structural adaptability —computing resources become part of the model design rather than an 
external constraint. 

These three main lines together constitute the core logic of lightweight open vocabulary 
detection: from external dependence to internal autonomy. 

Through trends, we can see that on the one hand, the addition of large language models (LLMS) 
[33] will make pseudo-label generation and semantic prompts more intelligent and context-aware; 
on the other hand, hardware-aware model optimization will enable OVD to truly have cross-platform 
deployment capabilities. The long-term goal is to establish a unified evaluation framework, enabling 
semantic openness, computational efficiency and domain adaptability to be quantitatively compared 
within the same coordinate system. As these directions gradually converge, a "scalable, transferable 
and deployable" visual inspection system may no longer be the future but the standard. 

 
4. Performance Comparison and Trend Analysis 
 

With the continuous development of technology, Lightweight Open-Vocabulary Detection (OVD) 
has moved from the algorithm design stage to the stage of system performance competition. And it 
closely revolves around the issue of how to maintain the ability to recognize unknown categories 
within a limited computing budget. Based on the results of mainstream public database benchmarks 
(COCO, LVIS, VisDrone) and typical methods (RegionCLIP [14], CORA [15], ViLD [20], OWL-ViT [21], 
CastDet [22], etc.), this chapter compares and summarizes the performance of lightweight OVD, and 
focuses on the underlying patterns, trade-offs, trends, and technological evolution directions behind 
the performance. 

For overall accuracy, pseudo-label learning methods are the most stable, as they have the most 
stable generalization ability. In the open category tasks of COCO and LVIS, RegionCLIP and CORA have 
consistently led. They all use visual-language models to generate false labels and distillation modules 
to optimize feature representations. RegionCLIP uses a smaller model and balances recognized 
classes and unrecognized classes. CORA has incorporated a regional prompt mechanism and achieved 
the highest AP on unseen classes. CORA has incorporated a regional prompt mechanism and achieved 
the highest AP on unseen classes, as it enables the model to learn more comprehensive semantic and 
regional correspondence relationships, and effectively solves the problem of the solidification of 
traditional detector categories. Compared with them, transformer-based frameworks such as ViLD 
and OWL-ViT have stronger zero-shot reasoning capabilities. However, their cross-domain 
generalization is not good enough. When the visual scenes differ greatly from the training data, their 
performance will decline significantly. From an overall trend perspective, the refinement of semantic 
alignment remains the key to the successful transfer of open vocabulary detection.  
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For reasoning speed, the lightweight structure brings significant benefits. RegionCLIP operates on 
the RN50-Mobile backbone network. Its frame rate is more than twice that of ViLD, and its model 
size is only half that of ViLD. RegionCLIP operates on the RN50-Mobile backbone network. Its frame 
rate is more than twice that of ViLD, and its model size is only half that of ViLD, and they keep the 
detection delay at a real-time level. However, such acceleration usually reduces semantic capacity, 
as evidenced by the experimental results of OWL-ViT. Transformer models have an advantage in open 
semantic expression, but they are significantly slow in running speed. This reveals a fundamental 
contradiction of lightweight OVD: the lighter the model, the more compact its semantic 
representation, and the more the model relies on the integrity of pre-trained semantic transfer. 
Therefore, how to design an "elastic balance" between maintaining semantics and compressing 
structures has become a new focus of current research.  

Domain generalization and small object detection tasks make this trade-off even more severe. 
On the VisDrone aerial photography dataset, CastDet incorporated a dynamic tag caching 
mechanism, achieving the highest mAP. This proves that the false label strategy can be transferred 
in specific domains. RegionCLIP is not designed for aerial photography scenes, but it still maintains 
good cross-domain performance, which indicates that its visual-language alignment has a certain 
degree of universality. However, when the task shifted to small object detection, the performance of 
all models dropped significantly. The key reason lies in the spatial resolution limitations of multimodal 
features, there is an inherent conflict between semantic embedding and local localization. This is also 
a common drawback of the current lightweight OVDs: after the fusion of visual features in coarse-
grained spaces, the expression of the target boundary is often weakened. This kind of problem also 
occurs in high-precision scenarios such as medical imaging. Although lightweight models such as 
Pterygium-Net [34] have demonstrated the potential of compact architectures. However, in fine-
grained tasks, semantic loss still cannot be ignored.  

 
We can conclude that there are three stable rules for the performance of lightweight OVD. 
 

i. The pseudo-labeling method has a natural advantage in "open semantics". It is particularly 
suitable for tasks with little data or across domains. 

ii. The knowledge distillation method has the greatest potential in "efficiency compression". 
It can reduce the model size without significantly lowering the accuracy. 

iii. The architecture optimization method has made a breakthrough in "real-time reasoning". 
It lays the foundation for embedded and mobile deployments. 
 

Hybrid strategies such as RegionCLIP combine the advantages of all three. It is currently a 
representative solution for balancing performance and efficiency. This trend indicates that future 
open vocabulary detection will not rely on just one route. It is moving towards a system optimization 
direction that integrates multiple strategies. 

However, the numerical comparisons across papers are not entirely fair. Different jobs vary in 
backbone structure, data partitioning, prompt templates, and even the granularity of training labels. 
For instance, some models use weak label completion on LVIS, while others directly apply COCO 
weight transfer. This inconsistency in the experimental setup will cause performance differences on 
the surface. Therefore, a major issue in current OVD research is the lack of a unified evaluation 
standard. This can result in situations where, under lightweight settings, the same level of semantic 
accuracy yields completely different latency and energy consumption across different hardware 
platforms or batch-processing scales. Therefore, we must establish a standardized evaluation 
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protocol to quantify the three-dimensional relationship of "semantic openness —computational cost 
—deployment feasibility". 

In conclusion, the research on lightweight OVD has shifted from merely competing in 
performance indicators to optimizing the overall system structure. The core breakthrough in the 
future lies in the coordinated development of distillation, pseudo-label generation and hardware 
adaptive architecture. The core breakthrough in the future lies in the coordinated development of 
distillation, pseudo-label generation and hardware adaptive architecture. 

 
5. Limitation and Future Direction 
 

Progress has been made in lightweight open vocabulary object detection (OVD). It has made 
significant progress in algorithm performance and deployment feasibility. However, there are still 
some key issues before it becomes a true universal perception system. These limitations mainly focus 
on three aspects: semantic bias, structural issues and evaluation systems [35,36]. They jointly 
determine the highest level of performance for lightweight OVD. 

At the semantic level, the current mainstream vision-language models (such as CLIP) have 
inherent biases. This deviation usually stems from the imbalance of the training data [13]. It leads to 
the model's excellent recognition of high-frequency and obvious categories. However, its ability to 
recognize abstract, fine-grained or rare categories has significantly declined. On MS-COCO, the 
detection accuracy of abstract classes such as "anomaly" is only 18.4% [37]. Semantic bias will be 
further magnified during the process of false labeling and distillation. This limits the generalization 
ability of lightweight models in open scenarios. Future research can start from dynamic prompts 
(prompts based on LLM [33]) and semantic causal modeling.Researchers can utilize large language 
models to generate context-related prompt words, this can improve semantic alignment and long-
tail class understanding. 

At the model level, the contradiction between lightweighting and spatial accuracy remains 
significant. The recall rate of traditional regional proposal networks on small targets is lower than 
60%  [38]. This directly led to a decline in the detection rate of the new category. Over-compressing 
the model structure can increase speed, but it impairs the fidelity of semantics. Recently, the idea of 
no-candidate box detection and adaptive distillation has been proposed, which provides a direction 
for breaking through this bottleneck. The former improves the recall efficiency through full 
convolutional feature fusion. The latter enhances the adaptability of the student model at different 
semantic levels through dynamic weighted distillation. The future trend will be a dynamic model 
framework with a bidirectional coupling of "structural lightweighting" and "semantic preservation". 

The future trend will be a dynamic model framework with a bidirectional coupling of "structural 
lightweighting" and "semantic preservation". Different studies vary greatly in the selection of 
backbone networks, prompt design and training strategies [39]. This makes the performance 
comparison across papers lack reproducibility. Establishing cross-domain and continuous learning 
benchmarks has become a consensus direction in this field [40]. A truly sustainable open detection 
system should be able to continuously expand the category vocabulary without changing the 
calculation budget, while avoiding catastrophic forgetting. To achieve this goal, it is necessary to 
remember efficient fine-tuning mechanisms and adaptive evaluation protocols, with the aim of 
maintaining consistent performance in a multi-domain environment. 

The ultimate goal of lightweight OVD is to deploy it at low power consumption in real-world 
environments, including mobile devices, drones, autonomous driving computers and edge devices. 
Relevant studies have verified this demand in different practical scenarios. For instance: mobile 
augmented reality and edge computing tasks [41,42], unmanned aerial vehicles and 3D perception 
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scenes [43], as well as autonomous driving and traffic perception systems [44]. However, most 
current OVD methods still rely on high-bandwidth video memory. They require a fixed input 
resolution and a large-scale Transformer structure. This is significantly different from the limitations 
of actual hardware in terms of computing power, latency and energy consumption [45,46]. Future 
work must develop hardware-aware compression methods. It also requires a cross-platform 
integration framework. This enables the open vocabulary model to be migrated between different 
devices and maintain stable performance. As semantic openness, computational efficiency and multi-
platform adaptability all enter the unified evaluation system, a truly scalable, transferable and 
deployable OVD system will transform from a research idea into an industry standard. 

 
6.  Conclusion 
 

This paper establishes an analytical framework covering three layers: data, representation and 
system. By classifying and comparing the mainstream methods, we have summarized three main 
development lines: Pseudo-label learning enhances data efficiency and cross-domain generalization, 
knowledge distillation promotes lightweight semantic transfer of large models, and architectural 
optimization drives real-time deployment. Hybrid strategies are becoming the core direction for 
balancing accuracy and efficiency. 

Furthermore, there is still a structural trade-off between open semantics and computational 
efficiency in current lightweight OVDs. Semantic bias and insufficient spatial accuracy are the main 
bottlenecks, and the unified evaluation standard and continuous learning mechanism still need to be 
improved. Future research should focus on establishing a dynamic balance among semantic 
understanding, structural lightweighting and system scalability, enabling detection systems to 
continuously learn and maintain generalization capabilities in resource-constrained environments. 

The development of lightweight open vocabulary detection is not only a technological innovation 
in the field of object detection, but also an important step for visual understanding to move from 
closed recognition to open cognition. With the in-depth integration of multimodal models and 
adaptive computing, a scalable, deployable and interpretable open perception system is taking 
shape. 
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