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ABSTRACT

The integration of neural network methods in computer vision with logical infer-
ence based on a Mivar expert system allows leveraging the advantages of both
paradigms: high efficiency in processing unstructured visual data and the inter-
pretability of decisions made based on formalized rules. An analysis of various
computer vision tasks was conducted, demonstrating that OVD (Open-Vocabulary
Detection) is the preferred tool for dynamic rescue operation scenarios. OVD pro-
vides the best balance between the flexibility of detecting arbitrary categories,
reliability when working with multiple objects, and the availability of data for
training. Modern vision-language architectures, their features, and advantages
were investigated. YOLO-World was selected as the base model, as it best meets
the stringent requirements of real-time operation, achieving high processing speed
while maintaining the flexibility of an open vocabulary. A fine-tuning procedure
for the model was carried out, which included freezing the text encoder and the
early layers of the convolutional backbone, as well as combining the Flickr30k,
VisDrone, and SARD2 datasets. Using Flickr30k helped preserve the quality of
the vision-language space, while the specialized datasets adapted the model to
real-world application conditions. The fine-tuned model showed a significant in-
crease in accuracy (mAP@50 rose from 0.0974 to 0.342, and mAP@50:95 from
0.0673 to 0.202), and also gained the ability to correctly recognize human poses
specific to rescue operations and types of vehicles in drone imagery. A system
of parameters and rules for the Mivar Expert System (MES) is proposed, which
allows transitioning from simply listing objects in an image to a comprehensive
situation assessment. This transforms the system into an active operator assistant,
capable not only of detecting but also of interpreting threats. Thus, the developed
hybrid intelligent system, combining the YOLO-World detector and the Mivar
expert system, fully meets the stated goal and specified requirements:

• Real-time operation due to the optimized architecture;
• Flexibility of control through text prompts in natural language;
• Interpretability and logical validity of decisions thanks to Mivar logical in-

ference.

1 INTRODUCTION

Today’s most effective computer vision systems are based on the use of neural network models.
The key advantage of such models is their efficient processing of unstructured data and automatic
extraction of significant features without manual feature engineering. Traditional machine learning
methods are heavily dependent on human data preprocessing. Computer vision algorithms based on
neural networks deliver high performance; however, their results are poorly interpretable and prone
to hallucinations.
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Models built on Multidimensional Informational Variating Adaptive Reality (MIVAR) (Varlamov,
2011) are interpretable. They constitute an expert system that provides logically sound analysis and
interpretable decisions. The drawback of the Mivar expert system (MES) is its strictly formalized
structure and inability to work with raw data independently. In recent years, a hybrid approach has
been gaining popularity. It combines the advantages of both neural network and Mivar methods:
feature extraction by the neural network and logical inference using Mivar rules.

Typically, the neural network detector in hybrid systems has a fixed set of classes, making it insuffi-
ciently flexible. This poses a problem for dynamic scenarios, such as detecting dangerous situations
using unmanned aerial vehicles (UAVs) in rescue operations. The emergence of new relevant objects
requires labor-intensive retraining of the model.

This paper proposes a novel hybrid approach that combines a MES with an open-vocabulary ob-
ject detector. Unlike closed-set models, such a system compares visual and textual features within
a unified vector space, expanding capabilities by detecting previously unknown objects using text
prompts. This allows the UAV operator to dynamically direct the model’s attention to arbitrary ob-
jects not included in the training dataset, making this method promising for real-world applications
in rapidly changing scenarios.

The aim of this work is to develop a hybrid intelligent system that combines a neural network-based
computer vision module and a Mivar expert system. The system is designed for real-time detection
of dangerous situations during rescue operations using data obtained from UAVs.

The following key requirements are considered during the system’s development:

• Specifics of input data. Images and video streams come from a UAV camera, which deter-
mines a top-down or oblique shooting angle, potential dynamic distortions, the influence
of lighting and weather conditions, and limited resolution. For fine-tuning the neural net-
work and forming the training set, datasets containing aerial imagery or data captured from
drones must be used. This is necessary to ensure adequate generalization capability of the
model in real-world operating conditions;

• Real-time operation. The task is dynamic in nature, where the speed of decision-making is
critical. The system must process the video stream or sequence of images at a frequency
sufficient for prompt response (at least 10-30 frames per second, depending on available
computing resources). To meet this requirement, optimized neural network architectures
and other inference acceleration methods should be used;

• System control via text prompts in natural language. The UAV operator must be able to
specify target object classes or situations to the system through textual descriptions. This
functionality allows for the detection of objects and situations not present in the training
dataset.

These requirements determine the architectural and algorithmic solutions of the hybrid system,
aimed at achieving high efficiency, adaptability, and reliability in real-world rescue operation condi-
tions.

2 BACKGROUND AND RELATED WORK

The problem is addressed using computer vision methods based on neural networks, combined with
a logical approach. Let’s consider existing neural network approaches.

Object Detection (OD) is one of the fundamental tasks in computer vision. It involves finding and
localizing individual objects within an image or video stream, followed by assigning each detected
object a class from a pre-defined, fixed set of categories. The advancement of multimodal ap-
proaches has led to the emergence of new object detection paradigms that extend classical detection
methods by incorporating natural language descriptions. Let’s look at different problem options.

Phrase Grounding (also known as Referring Expression Comprehension or Visual Grounding) is the
task of localizing a single object in an image based on a detailed textual description. The model
receives an image and a text query that describes one specific object in detail, and must return a
bounding box for that object. It is assumed that the described object is definitely present in the
image.
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Open-Vocabulary Detection (OVD) is an extension of classical object detection where the model
is capable of detecting objects from arbitrary categories, specified by short text descriptions in the
form of a list of class names. Unlike traditional OD, OVD is not limited to a fixed set of categories
defined during the training phase.

Described Object Detection (DOD) (Xie et al., 2023) is a more general and flexible generalization
of the REC and OVD tasks. DOD allows the use of language expressions of arbitrary length and
complexity: from short category names to detailed descriptions of an object’s appearance, context,
or attributes. The model must correctly handle cases where the described object is absent from the
image, avoiding false positive detections.

2.1 THE OVD APPROACH SELECTION

In the formulation of the OVD task, the list of detectable objects is expanded to a list with arbitrary
short category names, but it does not account for more complex language descriptions. The REC
task, on the other hand, focuses on the precise localization of a single target based on a detailed
expression but assumes the target’s presence in the image. In real-world scenarios, this assumption
is often violated, leading to false positive predictions. The DOD task supports language queries of
any complexity, from simple category names to long and detailed descriptions and correctly handles
cases where described objects are absent from the image by suppressing false positives.

This work focuses on the OVD task. Compared to REC, which is aimed at localizing a single object
based on a unique description, OVD is more effective in scenarios with multiple objects of the
same category, supports the absence of objects, does not require unique and potentially ambiguous
descriptions, and is closer to classical object detection tasks. Unlike DOD, which supports complex
descriptions with attributes and relations, OVD is simpler and more accurate for standard categories,
avoids accuracy drops due to long descriptions, and benefits from more mature methods, established
benchmarks, and better performance on typical open-vocabulary tasks.

The key advantage of OVD remains the ease of data access: standard object detection datasets
(COCO, LVIS, Objects365) are used directly, whereas DOD requires rare and expensive annotations
with detailed descriptions, often necessitating complex adaptation or synthesis.

Thus, OVD provides an optimal balance between open-vocabulary flexibility and reliability in de-
tecting multiple objects, requiring significantly lower data preparation costs. It is precisely these
advantages that make OVD the preferred approach for dynamic hazard detection systems using
UAVs, where it is necessary to promptly detect unauthorized drones, suspicious objects, or multiple
threats simultaneously in protected areas, ensuring high response speed, resilience to new types of
threats, and minimizing false positives in critical security and monitoring scenarios.

2.2 THE ROLE OF VISION-LANGUAGE MODELS (VLMS) IN THE OVD TASK

At the core of OVD lies the use of powerful multimodal models, such as CLIP (Radford et al., 2021)
and its analogs. CLIP is trained on vast amounts of image-text pairs using contrastive learning:
the model brings the vector embeddings of corresponding pairs closer together and pushes apart
those of non-corresponding pairs. This results in the formation of a shared multimodal vector space
where visual features are aligned with their textual descriptions for an enhanced visual-semantic
representation. This enables the model to generalize to new categories not seen during training, as
it can match arbitrary text prompts (class names, descriptive phrases) with visual features.

However, directly applying CLIP to the object detection task encounters a fundamental modality
gap. Despite its central role, models like CLIP themselves are not capable of object localization-
they only provide a global similarity score. CLIP is trained at the whole-image level, matching
it with a global description, whereas detection requires localized understanding. This discrepancy
between image-level pre-training and the need for region-level analysis has led to the development
of specialized OVD architectures that bridge this gap.

Modern OVD models typically consist of three key components. First, a visual encoder extracts
visual features from the input image. While early work relied on convolutional networks (e.g.,
ResNet), architectures based on transformers, such as the Vision Transformer (ViT) or Swin Trans-
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former, now dominate. These divide the image into patches, embed them, and process them sequen-
tially, obtaining a dense feature grid where each vector represents a local area.

Second, a text encoder (usually transformer-based, as in CLIP or BERT (Devlin et al., 2019))
encodes the user’s text prompt-from simple class names to complex descriptions-into a high-
dimensional semantic representation.

Third, a modality fusion mechanism integrates the visual and textual features. Early approaches
simply concatenated vectors from different modalities, but modern architectures use more sophisti-
cated methods, particularly cross-attention. In this mechanism, visual features serve as queries for
the textual features, allowing the model to dynamically weight and combine information.

The diversity of OVD architectures reflects different strategies for overcoming the modality gap.
The choice of a specific implementation determines the balance between accuracy, speed, and gen-
eralization capability. Therefore, an analysis of various OVD models will be conducted in the next
section.

3 ANALYSIS OF EXISTING VLMS FOR SOLVING OVD

3.1 FLORENCE-2

The Florence-2 model (Xiao et al., 2023), developed by Microsoft researchers, offers a unified
approach to solving a wide range of image processing and vision-language interaction tasks based
on a single architecture.

The model takes an image and a task-specific text prompt as input, and generates a text response as
output, which contains the boundaries of the detected object when necessary. This allows it to solve
a broad spectrum of tasks (caption generation, object detection, referring expression comprehension,
segmentation, OCR, etc.) using a single architecture and a single set of weights.

The model’s architecture includes several key components. The DaViT (Data-efficient Vision Trans-
former) visual encoder transforms the input image into a sequence of visual representations, ef-
fectively capturing spatial and semantic information at different hierarchical levels. The resulting
visual representations are projected into a shared representation space and combined with textual
representations, which are created from the prompt using an extended language tokenizer and an
embedding layer (based on BART). The final multimodal sequence is processed by a transformer
encoder-decoder, which generates the output sequence according to the task.

For tasks involving spatial localization, special location tokens representing quantized coordinates
have been added to the vocabulary. Supported formats include: rectangle (x0, y0, x1, y1), quadrilat-
eral, and polygon.

Florence-2 was trained in a multi-task learning regime on the FLD-5B dataset (126 million images,
5.4 billion annotations). It embodies the idea of a foundation model for computer vision, similar to
trends in natural language processing, where a single architecture and a unified way of representing
tasks ensure high knowledge transferability and efficiency across a wide range of applications.

3.2 KIMI-VL

Kimi-VL (Team et al., 2025) is an open vision-language model built on a Mixture-of-Experts (MoE)
architecture. It combines high performance in multimodal reasoning tasks with significantly reduced
computational costs: with a total of around 16 billion parameters, only about 2.8 billion parameters
of the language decoder are activated during inference (in the base Kimi-VL-A3B version).

The model’s architecture includes three key components: the MoonViT visual encoder supporting
native resolution; an MLP-based projector ensuring efficient alignment of visual and language rep-
resentations; and an MoE language model that dynamically activates only a small fraction of its
parameters. MoonViT, initialized from SigLIP-SO-400M and fine-tuned for high-resolution work,
uses an image packing technique and 2D rotary position embeddings, allowing it to process images
with resolutions up to several megapixels without the need for fixed-size reshaping.
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Kimi-VL demonstrates strong results in complex multimodal tasks: multi-step agent interactions,
OCR, image and video understanding, visual mathematical reasoning, and working with multiple
images and long videos.

Despite its impressive characteristics, the model has natural limitations due to its scale. In tasks
requiring very large volumes of pure linguistic knowledge or solving highly specialized niche prob-
lems, its performance lags behind larger models. Furthermore, even with an extended context win-
dow (up to 128K tokens), technical challenges related to processing extremely long sequences re-
main.

3.3 YOLO-WORLD

YOLO-World (Cheng et al., 2024) implements the ”prompt-then-detect” paradigm, which com-
pletely eliminates the need for real-time text encoding. User text queries are pre-processed into
an offline vocabulary of embeddings, significantly speeding up the inference process and greatly
reducing the computational load.

Unlike traditional detectors limited to a fixed set of classes, as well as earlier open-vocabulary meth-
ods that use prompt encoding during runtime, YOLO-World combines high speed with flexibility.
The detection vocabulary can be dynamically adapted to a specific task without compromising per-
formance, making the model convenient for practical application in real-world scenarios.

The model’s architecture includes a detector based on Ultralytics YOLOv8, which extracts multi-
scale visual features from the image; a transformer-based text encoder pre-trained within the CLIP
framework; and the RepVL-PAN network. The latter is responsible for multi-level cross-modal
fusion of visual features and text embeddings. During inference, embeddings from the offline vo-
cabulary are transformed into static weights for the RepVL-PAN network, completely eliminating
the need for dynamic text-based computations during runtime.

Three model size variants exist. The small version (YOLO-World-S) has 13 million parameters dur-
ing inference (77 million in training mode), the medium version (YOLO-World-M) has 29 million
parameters (92 million in training), and the large version (YOLO-World-L) has 48 million parame-
ters (110 million in training).

Compared to previous OVD methods, YOLO-World demonstrates a significantly better combination
of speed and accuracy. The proposed paradigm and architectural solutions make the model a pow-
erful and practically applicable tool for tasks requiring flexible, fast, and resource-efficient object
detection in open-vocabulary scenarios.

4 MIVAR SYSTEM AS LOGICAL PART FOR DECISION MAKING

The Mivar approach represents a modern methodology for developing intelligent systems, based on
the use of Mivar knowledge bases and corresponding bipartite network structures. Foundational to
this is a unique form of knowledge representation that combines elements of production systems,
Petri nets, and entity-relationship models, creating a unified mathematical foundation for logical
inference and information processing (Maksimova & Varlamov, 2011).

A key feature of the Mivar approach is its implementation of logical inference with linear compu-
tational complexity, even when working with knowledge bases containing a large number of rules
and objects. This is achieved through the specialized organization of Mivar networks, in which pa-
rameters, rules, and connections are structured as a multidimensional directed graph with clearly
separated layers of ”entities” and ”relations.” This approach ensures high scalability, the possibility
of efficient parallel processing, and resilience to the increasing complexity of the subject domain.

Mivar systems demonstrate several important advantages compared to traditional expert systems and
some modern approaches based on neural networks:

• High adaptability and evolutionary expandability of knowledge;

• Ability to operate under conditions of incompleteness, uncertainty, and inconsistency in
initial data;
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• Support for rapid modification of system behavior without changing the base architecture
or retraining models;

• The possibility of explainability of decisions, since inference is built on explicit rules and
cause-and-effect relationships.

Mivar technologies have found application in a wide range of subject areas.

In robotics, they are used to build systems for intelligent action planning and autonomous control
of complex manipulators and mobile robots. In medicine, Mivar expert systems are applied for
differential diagnosis of diseases, forming personalized treatment protocols, and supporting clinical
decision-making. In the transportation sector, the Mivar approach enables intelligent control of un-
manned vehicles, route optimization, and dynamic planning in changing traffic conditions. Mivar
solutions demonstrate significant potential in information security tasks (threat and anomaly analy-
sis), industrial automation (production process management and predictive equipment maintenance),
as well as in education-for creating adaptive learning systems, intelligent simulators, and electronic
learning environments.

One of the most significant advantages of Mivar expert systems (MES) is their high flexibility when
modifying operational logic without the need to redesign the architecture or retrain neural network
components. This property is particularly important in dynamically changing subject areas, where
requirements for interpreting events or actions may be adjusted during system operation.

Thus, the Mivar approach opens a promising direction for the development of logical artificial in-
telligence, combining high computational efficiency, explainability of decisions, and unprecedented
flexibility in knowledge modification. These characteristics make Mivar technologies especially
attractive for creating reliable, scalable, and adaptive intelligent systems in real-world conditions.
Further research and practical implementations will allow for a fuller realization of the potential of
this approach in solving complex interdisciplinary problems.

5 ADAPTATION OF THE NEURAL NETWORK TO THE SUBJECT DOMAIN

Adaptation of the Neural Network to the Subject Domain. The developed neural network module
is based on a pre-trained open-vocabulary model, YOLO-World, in its minimal configuration. This
model initially contains 77 million trainable parameters. After removing the text encoder, the text
embeddings are transferred to fixed parameters of the classification head, and the number of active
parameters during inference is reduced to 13 million. This allows achieving an operating speed of
75 frames per second.

The model accepts input data of two modalities:

• An RGB image obtained from the UAV camera;

• A text query entered by the UAV operator in natural language. These can describe both
individual object classes (”person,” ”dog,” ”car”) and their specific attributes and states
(”person in a green T-shirt,” ”sitting dog,” ”black SUV”). This formulation enables flexible
object detection without needing to retrain the model for each new class or attribute.

To adapt the pre-trained model to the target subject domain (aerial surveying from UAVs, primarily
search and rescue tasks, and monitoring of urban/natural environments), a fine-tuning procedure is
applied. During this process, the text encoder (based on CLIP) is frozen by default, and addition-
ally, we freeze the first 10 layers of the YOLO model (the backbone network). This reduces the
risk of catastrophic forgetting of general vision-language representations and decreases the required
computational resources.

A combination of three datasets was used for fine-tuning. Flickr30k is a large dataset of images
with detailed text descriptions and bounding boxes. This dataset is used to preserve and maintain
the quality of the vision-language space achieved during the pre-training stage. Our own combined
dataset, compiled from two open datasets focused on aerial surveying from UAVs: VisDrone and
SARD2. This combination of datasets allows training the model to identify various types of vehicles
and people in different poses, which is necessary for our subject domain.
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The following approach was used for fine-tuning the model: fine-tuning was performed on our
own combined dataset (10,609 images) for the selected subject domain. From these, 7,857 were
allocated for training, 944 for validation, and 1,808 for testing. In these datasets, integer class
labels are replaced with string class names to bring the data into a format compatible with the open-
vocabulary paradigm. The Flickr30k dataset was used to connect textual and visual embeddings in
a generalized vector space.

Thus, the combination of Flickr30k and the target datasets ensures a balance between preserving the
model’s generalization capability and its specialization for objects and scenes typical of unmanned
reconnaissance and aerial monitoring tasks.

6 DESCRIPTION OF RESULTS AND METRICS

To evaluate the effectiveness of the neural network model, test images from the VisDrone and
SARD2 datasets were used. Figure 1 presents two normalized confusion matrices: the matrix on the
left corresponds to the pre-trained model, and the one on the right corresponds to the model fine-
tuned on our custom dataset. The pre-trained model demonstrated metrics of 0.0974 (mAP@50) and
0.0673 (mAP@50:95). After fine-tuning, the model’s performance significantly improved, reaching
0.342 and 0.202 on the respective metrics.

As a result of fine-tuning, the model not only increased detection accuracy but also became capable
of recognizing people in various poses (walking, lying, sitting, standing) and types of vehicles in
images obtained from UAVs. The output of the pre-trained and fine-tuned models is shown in Figure
2 and Figure 3.

(a) (b)

Figure 1: Confusion matrices of the pre-trained model (a) and the fine-tuned model (b).

(a) (b)

Figure 2: Output of the pre-trained model (a) and the fine-tuned model (b) for identifying types of
vehicles.
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(a) (b)

Figure 3: Output of the pre-trained model (a) and the fine-tuned model (b) for determining human
poses.

7 CONCLUSIONS

The hybrid system, combining the MES with an open-vocabulary object detector, opens a new path
for intelligent support of rescue operations using UAVs. In the future, such a paradigm could become
the foundation for universal intelligent platforms that automatically adapt to new types of threats and
scenarios through dynamic expansion of the vocabulary and rules. This is particularly valuable in
conditions of uncertainty, contradictory data, and rapidly changing environments.

Further research may be directed towards significantly expanding the base of Mivar rules to cover
natural disasters, technogenic accidents, and complex multifactor emergency situations. Integrating
the system with UAV telemetry (flight altitude, GPS coordinates, heading) and camera orientation
appears to be a promising direction, as it would enable a comprehensive spatiotemporal analysis
of the observed scene. Furthermore, the developed architecture has high potential for adaptation to
tasks in information security, industrial monitoring of critical infrastructure, and autonomous robotic
systems, where high response speed, flexibility, and complete transparency of decisions made are
simultaneously required.

REFERENCES

Tianheng Cheng, Lin Song, Yixiao Ge, Wenyu Liu, Xinggang Wang, and Ying Shan. Yolo-world:
Real-time open-vocabulary object detection, 2024. URL https://arxiv.org/abs/2401.
17270.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding, 2019. URL https://arxiv.org/
abs/1810.04805.

Aleksandra Yu. Maksimova and Oleg O. Varlamov. A mivar expert system for pattern recogni-
tion based on fuzzy classification and modeling of various subject areas with automated context
expansion, 2011.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agar-
wal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and Ilya
Sutskever. Learning transferable visual models from natural language supervision, 2021. URL
https://arxiv.org/abs/2103.00020.

Kimi Team, Angang Du, Bohong Yin, Bowei Xing, Bowen Qu, Bowen Wang, Cheng Chen, Chenlin
Zhang, Chenzhuang Du, Chu Wei, Congcong Wang, Dehao Zhang, Dikang Du, Dongliang Wang,
Enming Yuan, Enzhe Lu, Fang Li, Flood Sung, Guangda Wei, Guokun Lai, Han Zhu, Hao Ding,
Hao Hu, Hao Yang, Hao Zhang, Haoning Wu, Haotian Yao, Haoyu Lu, Heng Wang, Hongcheng
Gao, Huabin Zheng, Jiaming Li, Jianlin Su, Jianzhou Wang, Jiaqi Deng, Jiezhong Qiu, Jin Xie,
Jinhong Wang, Jingyuan Liu, Junjie Yan, Kun Ouyang, Liang Chen, Lin Sui, Longhui Yu, Meng-
fan Dong, Mengnan Dong, Nuo Xu, Pengyu Cheng, Qizheng Gu, Runjie Zhou, Shaowei Liu,
Sihan Cao, Tao Yu, Tianhui Song, Tongtong Bai, Wei Song, Weiran He, Weixiao Huang, Weixin

8

https://arxiv.org/abs/2401.17270
https://arxiv.org/abs/2401.17270
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/2103.00020


Published as a conference paper at MathAI 2026

Xu, Xiaokun Yuan, Xingcheng Yao, Xingzhe Wu, Xinhao Li, Xinxing Zu, Xinyu Zhou, Xinyuan
Wang, Y. Charles, Yan Zhong, Yang Li, Yangyang Hu, Yanru Chen, Yejie Wang, Yibo Liu, Yibo
Miao, Yidao Qin, Yimin Chen, Yiping Bao, Yiqin Wang, Yongsheng Kang, Yuanxin Liu, Yuhao
Dong, Yulun Du, Yuxin Wu, Yuzhi Wang, Yuzi Yan, Zaida Zhou, Zhaowei Li, Zhejun Jiang,
Zheng Zhang, Zhilin Yang, Zhiqi Huang, Zihao Huang, Zijia Zhao, Ziwei Chen, and Zongyu Lin.
Kimi-vl technical report, 2025. URL https://arxiv.org/abs/2504.07491.

Oleg O. Varlamov. Mivar: Transition from productions to bipartite graphs mivar nets and practical
realization of automated constructor of algorithms handling more than three million production
rules, 2011. URL https://arxiv.org/abs/1111.1321.

Bin Xiao, Haiping Wu, Weijian Xu, Xiyang Dai, Houdong Hu, Yumao Lu, Michael Zeng, Ce Liu,
and Lu Yuan. Florence-2: Advancing a unified representation for a variety of vision tasks, 2023.
URL https://arxiv.org/abs/2311.06242.

Chi Xie, Zhao Zhang, Yixuan Wu, Feng Zhu, Rui Zhao, and Shuang Liang. Described object
detection: Liberating object detection with flexible expressions, 2023. URL https://arxiv.
org/abs/2307.12813.

9

https://arxiv.org/abs/2504.07491
https://arxiv.org/abs/1111.1321
https://arxiv.org/abs/2311.06242
https://arxiv.org/abs/2307.12813
https://arxiv.org/abs/2307.12813

	Introduction
	Background and related work
	The OVD approach selection
	The role of Vision-Language Models (VLMs) in the OVD task

	Analysis of existing VLMs for solving OVD
	Florence-2
	Kimi-VL
	YOLO-World

	MIVAR system as logical part for decision making
	Adaptation of the neural network to the subject domain
	Description of results and metrics
	Conclusions

