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ABSTRACT 

This paper provides a systematic review of modern adaptive hypermodel methods for the task of person re-identification. 

The analysis is based on comparing the effectiveness of models tested in both controlled laboratory conditions and real-

world scenarios. Considerable attention is paid to key performance indicators—recognition accuracy (mAP, CMC) and 

data processing speed—which enables a comprehensive assessment of the methods under study. 

The focus of the research is the study of the impact of dynamic parameter changes on system performance, as well as the 

analysis of incremental learning strategies aimed at minimizing the risk of catastrophic forgetting during adaptation to 

new conditions without the need for full retraining. This approach ensures a rapid response to variations in shooting 

conditions—changes in lighting, angles, and other characteristics—which is critically important for video surveillance. 

Based on the obtained results, promising directions for further research are identified, including optimization of adaptive 

learning algorithms, design of new architectural schemes, and scaling of systems while maintaining performance. The 

implementation of these ideas will contribute to the creation of more reliable and efficient solutions for re-identification 

in modern information platforms. A hybrid architecture is proposed that combines a conditional hypermodel with a base 

deep neural network. The main advantages of this approach lie in high adaptability and training stability, achieved 

through dynamic adjustment of parameters via the hypermodel. The combination of loss functions—cross-entropy and 

triplet—contributes to forming compact and well-separated features for different identities, enhancing the model’s ability 

to correctly identify subjects under high variability of input data. Experimental results confirm the feasibility of 

integrating adaptive mechanisms into re-identification systems, providing enhanced robustness to environmental changes 

and the high performance necessary for successful implementation in information technologies. 

Keywords: person re-identification, hypermodels, dynamic adaptation, incremental learning, CNN, OSNet, Market-

1501, DukeMTMC-ReID, MSMT17. 

  

INTRODUCTION 

With the increasing importance of security systems and the concept of “smart” cities, the task of person re-identification 

becomes especially relevant. It finds application not only in video surveillance but also in analyzing visitor behavior in 

commercial and public spaces. The main challenge lies in enabling algorithms to definitively determine whether a frame 

or video sequence depicts the same person as in other images or database entries, despite significant differences in 

viewing angle, lighting, or changes in appearance due to accessories and clothing1. 

Significant progress in this area has been made through the implementation of deep neural networks—primarily 

convolutional architectures (CNNs) and transformers—trained on widely recognized datasets such as Market-1501, 

DukeMTMC-ReID, and MSMT177. These models show high mAP and CMC Rank-1 scores in laboratory experiments. 

However, real-world systems face additional challenges: video streams come from new cameras with different angles 

and characteristics, shooting conditions change dynamically (seasonal variations, weather conditions, interior 

decorations), and full retraining is not feasible due to limited computational resources and time costs. 

Moreover, classical incremental learning techniques often suffer from catastrophic forgetting, where adaptation to new 

data leads to a decline in performance on previously learned samples. A promising solution is the use of conditional 

hypermodels, which generate or adjust the parameters of the main network based on environmental changes while 

retaining previous configurations. This approach allows for flexible adaptation without full retraining, which is 

particularly important for scalable real-time video surveillance systems2. 
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MATERIALS AND RESEARCH METHODS 

Existing approaches to building hypermodels differ significantly in structure and in how they generate the parameters of 

the target network. Some of the earliest solutions proposed using a separate compact network to generate full weight 

matrices for the main model2. This architecture made it possible to significantly reduce the number of trainable 

parameters and quickly adapt to new conditions. However, it showed instability when working with large datasets or 

high diversity of input images, as the complexity of simultaneously aligning all spatial-channel filter relationships 

exceeded the hypermodel's capabilities. 

To achieve finer tuning for specific frames, the approach of dynamic filter networks was proposed, where convolutional 

kernels are created directly based on the input data3. This flexibility allows the model to account for the angle, lighting, 

and other individual characteristics of each image, but it also introduces considerable computational overhead and 

requires careful regularization to avoid overfitting and excessive variability in the generated filters. 

In response to computational complexity challenges, the concept of conditional modular hypermodels emerged, which 

adjust only selected components of the target network or operate as an additional module introducing corrections to 

intermediate features extracted by the base architecture7. This approach combines the high stability of the base model 

with sufficient adaptability, as only the parameters most critical to image processing outcomes are updated—particularly 

important under resource constraints and real-time requirements. 

Alongside the development of conditional hypermodels, methods for factorizing and low-dimensional approximations of 

weight tensors (e.g., based on CP or Tucker decompositions) have been developed. These significantly reduce memory 

load during parameter generation and are often integrated with conditional schemes to balance adaptability and 

performance8. 

Comparative analysis shows that full-scale hypermodels provide maximum flexibility but are limited by computational 

cost and potential instability. Dynamic filter networks enhance the model’s ability to react to shooting conditions but 

require additional resources to generate filters in real time. Factorization approaches optimize memory usage and speed 

up inference but don’t always ensure sufficient adaptability on their own. In contrast, conditional modular hypermodels 

offer an optimal compromise, enabling on-the-fly adjustment of key parameters without full retraining, reducing the risk 

of catastrophic forgetting, and maintaining high system throughput9. 

In the context of person re-identification, where it is necessary to quickly process streams from heterogeneous cameras 

with varying angles and lighting conditions, the conditional modular hypermodel appears to be the most suitable 

solution. 

The combination of an adaptive module that generates corrective weights for key intermediate layers of the main 

network and a stable base architecture ensures high feature extraction accuracy while maintaining computational 

efficiency required for real-time video surveillance platforms10. 

 
Purpose of work. The aim of this study is to improve the accuracy of person re-identification through the use of 

adaptive hypermodels and deep neural networks, and to evaluate the effectiveness of these models for further application 

in information technologies. 

 

MODEL EXPERIMENT 

In the proposed method, the conditional hypermodel acts as an overlay to the base OSNet architecture, providing 

dynamic correction only of key network parameters depending on the shooting conditions. 

Let 𝑥 ∈ 𝑅𝐻×𝑊×𝟛 be the input image, а 𝑐 ∈ 𝑅𝑑𝑐 be a context vector that may include information about the camera type, 

exposure, timestamp, etc.  Initially, 𝑐 is transformed into a compact representation 𝑧 ∈ 𝑅𝑑𝑧 using a multilayer perceptron 

𝐸 with parameters 𝛷:  
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The resulting 𝑧 is passed to the conditional hypermodel 𝐻 with parameters Θ, which generates adjustment Δ𝑊 only for 

the weight tensors of those Omni-Scale blocks in OSNet that are most sensitive to context changes.  

Let the indices of these layers be denoted by the set 𝑆, and the total dimensionality of their weights by ∑ |𝑊0,𝑖|𝑖∈𝒮 . Then: 
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where each 𝑊𝐻
(𝑙)

) and 𝑏𝐻
(ℓ)

define hypermodel layers with ℓ = 1, … , 𝐿, а 𝜙 — ReLU activation and Dropout + BatchNorm 

to prevent overfitting15. 
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Figure 1. Structure of the conditional hypermodel 

 

After computing Δ𝑊 ∈ 𝑅∑ |𝑊𝟘,𝑖|𝑖∈𝕊  only the selected weight tensors are updated: 

 𝑊𝑖(𝑐) = 𝑊0,𝑖 + Δ𝑊𝑖 ,  ∀ 𝑖 ∈ 𝑆, (3) 

where Δ𝑊𝑖 — is the subvector of Δ𝑊, corresponding to layer 𝑖. Other OSNet parameters remain fixed. The new full 

network weights are denoted 𝑊(𝑐)11. 

Next, with these adaptive weights, OSNet outputs a multi-scale feature vector14: 

 𝑓(𝑥, 𝑐) = 𝑓OS(𝑥; 𝑊(𝑐)), (4) 

where each Omni-Scale block implements parallel convolution operations of size 1 × 1, 3 × 3 and 5 × 5, with the 

results concatenated and normalized. 

 
Figure 2.  Scheme of the base OSNet network 

 

The training objective is defined by a combined loss function: 

ℒ(Φ, Θ, 𝑊0) = − ∑ 1{𝑦
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where  𝑤𝑘 — are the weights of the final linear classification layer, 𝑚 — is the margin, λ — is the balancing coefficient. 

Gradients of the function ℒ simultaneously update parameters {𝑊0, Φ, Θ} using the Adam optimizer18: 
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which ensures consistent optimization of both the adaptive (hypermodel) and base architecture layers. 

This step-by-step division of responsibilities guarantees that the conditional hypermodel learns to generate minimal but 

highly relevant corrections to OSNet’s weights, allowing the network to remain stable while still adapting to changes in 

angles, lighting, or other external conditions.. 

 

 
Figure 3. General scheme of the proposed method 

 

Experimental evaluation was conducted using two widely accepted person Re-ID datasets — Market-1501 and 

DukeMTMC-ReID. 

The Market-1501 dataset was created using video from six cameras positioned in front of a supermarket on a campus, 

including five 1280 × 1080 HD cameras and one 720 × 576 SD camera. Some cameras have overlapping fields of view. 

The dataset includes 32,668 images of 1,501 individuals. Each person is captured by up to six cameras. Every annotated 

person is seen by at least two cameras to enable cross-camera search4. 

The DukeMTMC-reID dataset was collected at Duke University and contains over 14 hours of video sequences from 8 

cameras. A random selection of 702 individuals forms the training set, and the remaining 702 form the test set. One 

query image is chosen per person per camera in the test set, while the rest of the images are used for the gallery. In total, 

there are 16,522 training images from 702 individuals, 2,228 query images from the remaining 702 individuals, and 

17,661 gallery images5,19,20. 

Both datasets were preprocessed: all images were resized to 256×128 pixels, normalized using ImageNet statistics, and 

labeled with person and camera IDs16. 

After each training epoch, mean Average Precision (mAP) and Cumulative Matching Characteristic Rank-1 metrics were 

calculated. Cumulative Matching Characteristics (CMC) are widely used for evaluating results in person re-identification 

tasks. These curves show the probability of correct identification based on the number of top-ranked gallery samples 

considered in the query analysis. During CMC computation, the model ranks gallery samples by similarity to the query 

image. Accordingly, the top-k CMC accuracy is defined as follows12,21: 

 

𝐴𝑐𝑐𝑘 = {
1 𝑖𝑓 𝑡ℎ𝑒 ℎ𝑖𝑔ℎ𝑒𝑠𝑡 − 𝑟𝑎𝑡𝑒𝑑 𝑔𝑎𝑙𝑙𝑒𝑟𝑦 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛 𝑡ℎ𝑒 𝑞𝑢𝑒𝑟𝑦 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑟

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 

if at least one of the top-ranked gallery samples matches the target individual, the accuracy is set to one. 

Mean Average Precision (mAP) is widely used to evaluate model performance in object detection and retrieval tasks, 

particularly where accurate person identification is required. It is based on precision and recall metrics. Precision is the 
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ratio of true positives (TP) to the sum of true positives and false positives (TP + FP). Recall is the ratio of true positives 

to the sum of true positives and false negatives (TP + FN). 

 

 
Figure 4. Changes in the model’s quality metrics during training. 

 

On the Market-1501 dataset, models with the adaptive hypermodel demonstrate a significant performance improvement 

compared to the baseline OSNet model without a hypermodel14. Specifically, the mean average precision (mAP) rose 

from 73.5 % to the range of 75.4–78.3 %, and the Rank-1 accuracy increased from 90 % to approximately 96–97 %. This 

indicates effective extraction of relevant features and adaptive adjustment of representations, enabling better 

discrimination between identities even under high image variability. 

 

 

 

 
Figure 5. An example of the model’s operation on the Market-1501 dataset. 
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Average Precision (AP) for a specific class is calculated as the mean precision at various recall levels, expressed as: 

 
𝐴𝑃 =

1

𝑅
∑ Precision(𝑟)

𝑟∈𝑅

. (7) 

Mean Average Precision (mAP), in turn, is the average of APs across all classes and serves as the final aggregate 

performance indicator. This metric is actively used to compare and evaluate the performance of modern models in 

person re-identification and object detection tasks due to its ability to reflect feature distribution quality across all 

categories12, 17. 

 
mAP =

1

𝑀
∑ AP(𝑚)

𝑚∈𝑀

. (8) 

The model consisted of a base OSNet with initial weights 𝑊0, a context extractor 𝐸, implemented as a two-layer MLP 

with 256 and 128 neurons and ReLU activation, and a hypermodel 𝐻 composed of three MLP layers sized 512→512→∣
𝑊0 ∣ with Dropout regularization.  

Training was conducted on two GPUs using the Adam optimizer18, with an initial learning rate of 3 × 10⁻⁴ that was 

reduced by a factor of 10 every 30 epochs. The loss‐balance coefficient λ was set to 1.0, and the training ran for a total of 

200 epochs. 

A similar trend is observed on the DukeMTMC-reID dataset, where the baseline OSNet network achieves an mAP of 

62.81 % and a Rank-1 accuracy of 81.7 %. Models augmented with the hypermodel reach an mAP in the range of 65.1–

67.6 % and a Rank-1 accuracy from 83.5 % to 84.5 %, indicating an enhanced ability of the system to recognize 

individuals in more complex and diverse data, and confirming the effectiveness of the conditional hypermodel for 

adaptively tuning network parameters under varying scenarios. 

 

CONCLUSION 

This study conducted a systematic analysis of modern adaptive hypermodel methods for the task of person re-

identification. The effectiveness of the models was compared based on their testing in both laboratory conditions and 

real-world scenarios. Particular attention was paid to key quality metrics—recognition accuracy (mAP, CMC) and data 

processing speed—which together provide a comprehensive evaluation of method performance. 

The datasets considered included human attribute datasets: Market-1501 and DukeMTMC-reID, and the proposed 

method was tested on these datasets. 

The experimental research was conducted using the Python programming language and the PyTorch deep learning 

framework. Experiments on the Market-1501 dataset demonstrated that integrating the adaptive hypermodel significantly 

improves performance compared to the base OSNet model without the hypermodel. 

Mean Average Precision (mAP) increased from 73.5% to a range of 75.4–78.3%, while Rank-1 rose from 90% to 

approximately 96–97%, indicating more effective extraction of relevant features and adaptive adjustment of 

representations, which allows for more accurate identity differentiation even under conditions of high image variability. 

A similar trend was observed on the DukeMTMC-reID dataset, where the base OSNet model achieved an mAP of 

62.81% and Rank-1 of 81.7%, while models with the hypermodel reached mAP values in the range of 65.1–67.6% and 

Rank-1 between 83.5% and 84.5%. 

These results confirm that the use of adaptive hypermodels enhances the system’s ability to recognize individuals in 

more complex and diverse data, paving the way for their further implementation in real-world video surveillance and 

security systems. 
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