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Object detection plays a crucial role in computer vision and many areas of modern life. An outstanding model for
this task today is YOLO. However, for specific classes of objects it needs to be trained to distinguish them. For this
purpose, transfer learning is used. One promising technique in transfer learning is layer freezing. However, this topic is
underexplored, especially for the latest architectures of the YOLO series such as YOLOvII and YOLO26 despite
significant improvements in their architecture, namely replacement of C2f block with C3k2 and adding C2PSA block
after SPPF. The question of object detection improvement with YOLOvII and YOLO26 via layer freezing during
transfer learning was addressed in the article. Experiments were conducted on two datasets: medium and small, which
were automatically downloaded from the Roboflow API. The layer freezing strategy aimed to check detection
improvement with freezing such key backbone layers as C3k2, C2PSA and SPPF and some layers of the neck in
comparison with transfer learning without layer freezing in terms of such metrics as precision, recall, mAP@50 and
mAP@50-95. All experiments were done in Google Colaboratory Pro environment with NVIDIA A100 GPU (40GB).
Experiments were conducted for 50 epochs with an early stopping mechanism (patience 20), batch size 16, learning
rate 0.01, optimizer MuSGD for YOLO26 and SGD for YOLOvII and optimizer AdamW for both models. Results
revealed that there is no optimal strategy, but rather empirically driven recommendations that are given in the article.
For example, an effective strategy is to freeze layers of the backbone and stop freezing on C3k2 layer for both models
with all optimizers. Some benefits are demonstrated by freezing the C2PSA for YOLOZ26. In the case of a small dataset,
it is beneficial to stop freezing at the SPPF block namely for YOLO26 with optimizer MuSGD. Freezing higher layers of
the neck did not show significant improvement, however, in some cases, it was beneficial. Results reveal that YOLOvI 1
demonstrates lower training time and per image inference latency and higher results in precision, recall, mAP@50 and

mAP@50-95 metrics than YOLO26.
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Introduction

One of the key tasks of computer vision is object
detection [1]. Two-stage and one-stage detectors [2]
can be used for this task, but the most popular today
especially for real-time applications is model YOLO
(You Only Look Once) [3, 4]. This model is unique in
that it can process the whole image in one pass [5, 6]
showing the best results in terms of speed and
precision [7]. YOLO was initially trained on dataset
COCO and shows high efficiency in detecting object
belonging to this database [8]. For detecting new
objects transfer learning technique is used where
pretrained YOLO is trained to detect new objects [9,
10]. However, this process is not as simple as it seems
especially in cases with imbalanced data and edge and
low-power devices like IoT or embedded systems
where even milliseconds make a difference. In such
cases promising is method of freezing deep layers of
the YOLO model [9].

Model YOLO first announced in 2016 [6] has
evolved from YOLOvl to YOLO26 released in
January 2026 [11]. It consists of three main parts:

backbone, neck and head. Backbone analyzes the raw
image and extracts the most important features of the
image. Then neck refines and strengthens these
features and passes to the head. The head makes the
final decision in terms of classification and regression.
Although the model itself [12] and the method of fine
tuning are extensively examined, the question of
which layers of the model should be frozen in order to
avoid overfitting and catastrophic forgetting is
underexplored [13] especially for the latest YOLO
architectures. For instance, in [14] backbone freezing
is investigated in YOLOvVS5 for imbalanced data. In
[15] it is studied in YOLOvVS8 showing interesting
results for freezing intermediate layers between neck
and head. However, there is no research of transfer
learning with layers freezing for YOLOvI1 not to
mention YOLO26 despite vast improvements in
architecture compared to predecessors [16].

YOLO26 architecture and YOLOvl11
architecture are very similar as they both were
designed by the same Ultralytics company. Both of
them are advanced, next-generation extensions of the
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YOLOVS architecture. They were designed to improve
efficiency, accuracy, and deployment speed.
Architecture of YOLOv11 is shown in Fig. 1 [17].
YOLOV11 got significant improvement due to
replacement of C2f block with Cross Stage Partial
with kernel size 2 block (C3k2) and utilizing new

C3k2 block improves real-time object detection
due to flexibility in feature extraction [16]. C2PSA
realizes attention mechanism which enables
concentration on key region in the image, enhancing
detection of small and occluded objects.

In YOLO26 SPPF block includes a shortcut

Cross Stage Partial with Spatial Attention (C2PSA) connection, which improves gradient flow and
block after Spatial Pyramid Pooling — Fast (SPPF) stabilizes optimization.
block (Fig. 1).
Backbone
Conv 0
Conv 1
C3k2 20
l i Neck i Head
Conv 3 C3K2 16 > Detect
CIk2 4 »|  Concat 15
| i v |
E Upsample 14 Conv iT i
Conv 5 cak2 13 —»  Concat 18
C3k2 6 i »> Concat 12 C3k2 19 E » Detect
i Y l i
Conv 7 i Upsample 11 Conv 20 i
T | |
Cakz 8
. :
SPPF 9
| l v |
i C2PSA 10 »  Concat 21
C3k2 22 > Detect
Fig. 1. YOLOvI1 architecture [17]
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Another difference is in the C3k2 block before the
detect block that is used in combination with attention
mechanism in the PSABlock module. Box regression is
used directly instead of Distributed Focal Loss (DFL)
block. This simplifies training and enables more
confident predictions. YOLO26 eliminates the need for
Non-Maximum Suppression (NMS) by producing final
detections directly from the network, avoiding
overlapping predictions and post-processing, thus
introducing End-to-End NMS-free inference. New
optimizer MuSGD is used for better convergence and
training stability. YOLO26 uses score-based prediction
selection instead of IoU-based filtering [11].

Materials and methods

Ultralytics gives certain recommendations for
transfer learning with YOLO26 namely for fine-
tuning [18].

Taking into account these recommendations and
model architecture the following strategy was formed:
preserve weights of C2PSA block for YOLOv11 and
YOLO26. Freeze first 10 layers for this purpose. Check
whether freezing of SPPF layer gives better results
(freeze first 9 layers). Make sure that freezing of C3k2

Table 1. Model settings and hyperparameters

layers and layers in-between them inside backbone give
some benefits (freeze first 8, 7, 6 and then 5 layers) and
decide where is better to stop freezing. Freeze some
layers of the neck, namely 13, 16, 19 and 22 layer and
check whether it gives any improvement. Layers which
were frozen are indicated in Fig. 1.

In model YOLOvIl the last layer
'model.23.dfl.conv.weight' was frozen automatically
for every training.

Version nano was chosen as the lightest and
fastest one.

Datasets were automatically downloaded from
the Roboflow API. First dataset consists 1000 images
[19], second — 140 [20].

Experiments were conducted for 50 epochs with
an early stopping mechanism (patience 20), batch size
16, learning rate 0.01, optimizer MuSGD for YOLO26
and SGD for YOLOv11 and AdamW for both models
were used. All training and evaluation procedures
were executed on Google Colaboratory Pro platform
utilizing NVIDIA A100 GPU (40GB).

Model settings and hyperparameters are
summarized in Table 1.

Category Parameter Value
Basic Epochs 50
Batch size 16
Image size 640x640 pixels
Early Stopping Patience 20 epochs
Optimization Optimizer AdamW / SGD / MuSGD
Initial learning rate (Ir0) 0.01
Final learning rate (Irf) 0.01
Momentum 0.937
System GPU NVIDIA A100 (40GB)

Model performance was estimated with standard
metrics as precision, recall, mAP@50 and mAP@50-
95. Precision shows true positives among all positive
samples. Recall demonstrates true positives among all
positives in the particular class. mAP@50 is a
measure of mean average precision at a 50% IoU.
mAP@50-95 provides more precise estimation across
a range from 50 % to 95 % IoU.

Computational efficiency was estimated through
per-image inference latency in milliseconds and
training time. Computational complexity was
evaluated through trainable parameter count and
GFLOPs.

Experiments with learning rates 0.01 and 0.001
have shown the same results in many cases.

Results and discussion
Results of training YOLOv11 and YOLO26 with
optimizer AdamW on dataset 1 are shown in Table 2.

Results of training YOLOvll with optimizer
SGD and YOLO26 with optimizer MuSGD on dataset
1 are shown in Table 3.

Although both models, YOLOv11 and YOLO26,
have good results without freezing layers during
learning, there is still room for improvement
especially in combination of such metrics as
mAP@50-95 and recall. For YOLOvll with
optimizer AdamW the best result relative to no-
freezing training gives freezing the first 6 layers for all
metrics. In case of YOLOv11 with optimizer SGD the
best result is obtained for all metrics by freezing the
first 5 layers. YOLOv11 (optimizer AdamW, 6 layers
frozen) relative to YOLOvVI11 (optimizer SGD, 5 layer
frozen) gives higher recall sharing the same mAP @50
value and slightly lower precision.

For YOLO26 with optimizer AdamW the best
result relative to no-freezing training gives freezing
the first 10 layers as recommended by Ultralytics [10]
for such metrics as recall and mAP @50-95.
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Table 2. Results of training YOLOv11 and YOLO26 with optimizer AdamW on dataset 1

Model Optimizer AdamW
Precision Recall mAP@50 | mMAP@50-95 |Per image |Training |Trainable |GFLOPs
inference time, parameter
latency, ms | hours count

YOLOv11ln, no|0.969 0.943 0.975 0.789 0.9 0.091 2,582,347 |6.3
freezing

YOLOv1ln, 22 |0.904 0.865 0.926 0.68 0.7 0.064 2,582,347 |6.3
YOLOv1ln, 19 |0.968 0.929 0.957 0.737 1.4 0.066 2,582,347 |6.3
YOLOv1ln, 16 |0.974 0.94 0.973 0.784 0.8 0.070 2,582,347 |6.3
YOLOv1ln, 13 |0.972 0.944 0.969 0.795 0.6 0.071 2,582,347 |6.3
YOLOv1ln, 10 |0.98 0.954 0.987 0.806 0.6 0.074 2,582,347 |6.3
YOLOv11ln, 9 0.977 0.959 0.98 0.799 0.6 0.077 2,582,347 |6.3
YOLOv11, 8 0.983 0.944 0.978 0.791 0.9 0.076 2,582,347 |6.3
YOLOv11, 7 0.961 0.964 0.977 0.796 1.4 0.077 2,582,347 |6.3
YOLOv1l, 6 0.974 0.964 0.981 0.806 0.6 0.078 2,582,347 |6.3
YOLOv11, 5 0.969 0.952 0.972 0.787 0.6 0.082 2,582,347 |6.3
YOLO26n, no|0.959 0.938 0.984 0.799 1.6 0.118 2,375,031 |5.2
freezing

YOLO26n, 22 0.739 0.761 0.825 0.575 1.4 0.090 2,375,031 |5.2
YOLO26n, 19 0.916 0.919 0.965 0.73 1.5 0.095 2,375,031 |5.2
YOLO26n, 16 0.974 0.914 0.976 0.769 1.5 0.098 2,375,031 |5.2
YOLO26n, 13 0.905 0.916 0.968 0.792 0.8 0.101 2,375,031 |5.2
YOLO26n, 10 0.952 0.954 0.984 0.8 1.5 0.102 2,375,031 |5.2
YOLO26n, 9 0.95 0.929 0.967 0.795 2.2 0.107 2,375,031 |5.2
YOLO26, 8 0.938 0.923 0.96 0.787 1.5 0.106 2,375,031 |5.2
YOLO26, 7 0.98 0.934 0.981 0.797 2.3 0.108 2,375,031 |5.2
YOLO26, 6 0.961 0.954 0.976 0.792 0.7 0.109 2,375,031 |5.2
YOLO26, 5 0.974 0.943 0.978 0.79 2.2 0.111 2,375,031 |5.2

Table 3. Results of training YOLOvV11 with optimizer SGD and YOLO26 with optimizer MuSGD on dataset 1

Model Optimizer SGD / MuSGD
Precision Recall MAP@50 | mAP@50-95 |Per image |Training |Trainable |GFLOPs
inference time, parameter
latency, ms | hours count
YOLOv11ln, no|0.988 0.944 0.975 0.796 0.6 0.087 2,582,347 |6.3
freezing
YOLOv1ln, 22 |0.888 0.889 0.93 0.673 0.6 0.062 2,582,347 |6.3
YOLOv1ln, 19 |0.974 0.914 0.956 0.735 0.6 0.066 2,582,347 |6.3
YOLOv1ln, 16 |0.979 0.934 0.959 0.767 0.6 0.067 2,582,347 |6.3
YOLOv1ln, 13 |0.989 0.954 0.977 0.794 0.6 0.070 2,582,347 |6.3
YOLOv1ln, 10 |0.993 0.954 0.979 0.8 0.6 0.071 2,582,347 |6.3
YOLOv1ln, 9 0.996 0.939 0.981 0.797 0.7 0.074 2,582,347 |6.3
YOLOv11, 8 0.993 0.954 0.98 0.789 0.7 0.075 2,582,347 |6.3
YOLOv11, 7 0.964 0.98 0.979 0.789 0.9 0.078 2,582,347 |6.3
YOLOv11, 6 0.989 0.944 0.975 0.799 0.6 0.078 2,582,347 |6.3
YOLOv11, 5 0.989 0.95 0.981 0.801 0.7 0.079 2,582,347 |6.3
YOLO26n, no|0.952 0.913 0.96 0.797 1.7 0.155 2,375,031 |5.2
freezing
YOLO26n, 22 0.786 0.726 0.827 0.579 1.6 0.103 2,375,031 |5.2
YOLO26n, 19 0.955 0.87 0.967 0.72 0.7 0.110 2,375,031 |5.2
YOLO26n, 16 0.951 0.919 0.973 0.764 0.7 0.116 2,375,031 |5.2
YOLO26n, 13 0.966 0.934 0.976 0.792 2.2 0.124 2,375,031 |5.2
YOLO26n, 10 0.968 0.923 0.972 0.783 1.4 0.128 2,375,031 |5.2
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YOLO26n, 9 0.967 0.934 0.981 0.793 0.7 0.136 2,375,031 |5.2
YOLO26, 8 0.932 0.968 0.983 0.798 1.5 0.137 2,375,031 |5.2
YOLO26, 7 0.954 0.934 0.972 0.786 1.9 0.140 2,375,031 |5.2
YOLO26, 6 0.951 0.949 0.985 0.797 1.6 0.145 2,375,031 |5.2
YOLO26, 5 0.955 0.954 0.968 0.789 1.6 0.143 2,375,031 |5.2

However, for YOLO26 with optimizer MuSGD
the best result is obtained for metrics recall, mAP @50
and mAP@50-95 by freezing the first 8 layers, but
there is a decrease in precision. YOLO26 (optimizer
MuSGD, 8 layers frozen) relative to YOLO26
(optimizer AdamW, 10 layers frozen) gives higher
recall.

So, the best results with no-freezing technique
demonstrates YOLOvVI11 with optimizer SGD in terms

of quality and speed. Freezing layers benefits the most
YOLOv11 with optimizer AdamW and YOLO26 with
optimizer MuSGD. In addition, freezing first 6 layers
of YOLOv11 with optimizer AdamW gives the best
results among all others in terms of the combination of
three metrics: recall, mAP@50 and mAP @50-95.
Results of training YOLOv11 and YOLO26 with
optimizer AdamW on dataset 2 are shown in Table 4.

Table 4. Results of training YOLOv11 and YOLO26 with optimizer AdamW on dataset 2

Model Optimizer AdamW
Precision Recall mAP@50 | mAP@50-95 |Per image | Training | Trainable GFLOPs
inference time, parameter
latency, ms | hours count

YOLOv1ln, no | 0.993 0.947 0.99 0.757 0.6 0.023 2,582,347 |6.3
freezing

YOLOv1ln, 22 |0.949 1 0.993 0.757 0.6 0.017 2,582,347 |6.3
YOLOv1ln, 19 |0.863 0.993 0.944 0.713 0.6 0.017 2,582,347 |6.3
YOLOv1ln, 16 |0.949 1 0.99 0.71 0.6 0.018 2,582,347 |6.3
YOLOvlln, 13 |1 0.995 0.995 0.709 0.7 0.018 2,582,347 |6.3
YOLOv1ln, 10 |0.999 1 0.995 0.754 0.6 0.019 2,582,347 |6.3
YOLOv1ln, 9 0.995 1 0.995 0.76 0.9 0.020 2,582,347 |6.3
YOLOv1l, 8 1 0.995 0.995 0.757 0.7 0.020 2,582,347 |6.3
YOLOv1l, 7 1 0.986 0.995 0.745 0.7 0.021 2,582,347 |6.3
YOLOv1l, 6 0.998 1 0.995 0.75 0.7 0.021 2,582,347 |6.3
YOLOv1l, 5 0.947 0.948 0.993 0.745 0.6 0.021 2,582,347 |6.3
YOLO26n, no|0.863 0.895 0.934 0.709 0.8 0.029 2,375,031 |5.2
freezing

YOLO26n, 22 1 0.676 0.862 0.739 1.1 0.022 2,375,031 |5.2
YOLO26n, 19 0.795 0.818 0.867 0.656 1.1 0.024 2,375,031 |5.2
YOLO26n, 16 0.763 0.846 0.884 0.701 0.7 0.025 2,375,031 |5.2
YOLO26n, 13 0.828 0.842 0.909 0.737 0.8 0.026 2,375,031 |5.2
YOLO26n, 10 0.852 0.947 0.962 0.726 2,375,031 |5.2
YOLO26n, 9 0.774 0.947 0.923 0.724 0.7 0.026 2,375,031 |5.2
YOLO26, 8 0.837 0.895 0.936 0.779 0.8 0.027 2,375,031 |5.2
YOLO26, 7 0.944 0.881 0.937 0.728 0.7 0.027 2,375,031 |5.2
YOLO26, 6 0.775 0.947 0.929 0.743 0.7 0.028 2,375,031 |5.2
YOLO26, 5 0.937 0.78 0.94 0.757 0.8 0.028 2,375,031 |5.2
YOLO26, 4 0.942 0.857 0.946 0.763 0.7 0.028 2,375,031 |5.2

Results of training YOLOv11l with optimizer
SGD and YOLO26 with optimizer MuSGD on dataset
2 are shown in Table 5.

It is worth mentioning that early stopping
mechanism was activated in a few cases for this
dataset and obvious data outliers were excluded. For
example, for no-freezing training YOLO26 with

optimizer MuSGD such values were obtained with
early stopping mechanism: precision — 0.00333, recall
- 1, mAP@50 - 0.775, mAP@50-95 - 0.643.
Additional training was made for all 50 epochs and
result was placed in table 5.

For YOLOvVI11 with optimizer AdamW the best
result relative to no-freezing training gives freezing of
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6, 8 or 9 first layers for almost all metrics. In case of
YOLOv1l with optimizer SGD the best result is
obtained for all metrics by freezing 6 first layers.
YOLOvl1l (optimizer AdamW, 8/9 layer frozen)
relative to YOLOv11 (optimizer SGD, 6 layer frozen)
gives higher precision but loses in mAP @50-95 value.

For YOLO26 with optimizer AdamW results are
very diverse and there is no best variant. For example,
freezing of 7 layers gives rise in precision and

mAP@50-95, but at the same time loss in recall.
Freezing of 10 layers benefits such metrics as recall,
mAP@50 and mAP@50-95, but gains decay in
precision. For YOLO26 with optimizer MuSGD the
best result is obtained for all metrics with freezing 9
first layers. YOLO26 (optimizer MuSGD) relative to
YOLO26 (optimizer AdamW) gives more stable
results and better overall performance.

Table 5. Results of training YOLOvV11 with optimizer SGD and YOLO26 with optimizer MuSGD on dataset 2

Model Optimizer SGD / MuSGD
Precision Recall MAP@50 | mAP@50-95 |Per image |Training |Trainable |GFLOPs
inference time, parameter
latency, ms | hours count

YOLOv11n, no |0.95 0.998 0.99 0.782 0.6 0.022 2,582,347 |6.3
freezing

YOLOv1ln, 22 |0.995 1 0.995 0.771 0.6 0.016 2,582,347 |6.3
YOLOv1ln,19 |1 0.619 0.869 0.68 0.7 0.013 2,582,347 |6.3
YOLOv1ln, 16 |0.944 0.894 0.952 0.696 0.6 0.017 2,582,347 |6.3
YOLOv1ln, 13 |1 0.999 0.995 0.77 0.7 0.018 2,582,347 |6.3
YOLOv1ln, 10 |0.991 1 0.995 0.761 0.6 0.018 2,582,347 |6.3
YOLOv11n, 9 1 0.99 0.995 0.764 0.6 0.017 2,582,347 |6.3
YOLOv1l, 8 1 0.771 0.857 0.732 0.8 0.015 2,582,347 |6.3
YOLOv11, 7 1 0.999 0.995 0.761 0.7 0.020 2,582,347 |6.3
YOLOv1l, 6 0.988 1 0.995 0.801 0.6 0.020 2,582,347 |6.3
YOLOv1l, 5 1 0.997 0.995 0.788 2,582,347 |6.3
YOLO26n, no |0.893 0.881 0.949 0.714 0.8 0.023 2,375,031 |5.2
freezing

YOLO26n, 22 0.854 0.926 0.961 0.734 0.7 0.025 2,375,031 |5.2
YOLO26n, 19 0.943 0.874 0.966 0.753 0.8 0.027 2,375,031 |5.2
YOLO26n, 16 1 0.103 0.825 0.64 0.7 0.020 2,375,031 |5.2
YOLO26n, 13 0.76 0.895 0.913 0.742 0.7 0.029 2,375,031 |5.2
YOLO26n, 10 0.751 0.947 0.934 0.734 0.7 0.030 2,375,031 |5.2
YOLO26n, 9 0.941 0.895 0.951 0.746 0.8 0.031 2,375,031 |5.2
YOLO26, 8 0.941 0.836 0.961 0.752 0.8 0.031 2,375,031 |5.2
YOLO26, 7 0.944 0.885 0.966 0.783 0.8 0.032 2,375,031 |5.2
YOLO26, 6 0.818 0.945 0.941 0.744 0.7 0.032 2,375,031 |5.2
YOLO26, 5 0.89 0.842 0.953 0.751 0.7 0.033 2,375,031 |5.2

Conclusions In some cases, it is beneficial to stop freezing on
YOLOv11 demonstrates better  overall SPPF block namely for YOLO26 with optimizer

performance despite greater GFLOPs and number of
trainable parameters, especially in training with
optimizer AdamW on medium dataset and with
optimizer SGD on small dataset.

The best freezing strategy is to freeze layers of
the backbone and stop freezing at the C3k2 layer. In
training on medium dataset for YOLOvll with
optimizer AdamW it is 6th layer, for YOLO26 with
optimizer MuSGD it is 8th layer. In training on small
dataset for YOLOv11 with optimizer AdamW it is 6th
or 8th layer and for YOLOv11 with optimizer SGD it
is 6th layer.

MuSGD in training on small dataset. Freezing higher
layers of the neck demonstrates some model
performance improvement on medium dataset namely
for YOLOv11 with optimizer SGD and YOLO26 with
optimizer MuSGD, however not as beneficial as
freezing layers of the backbone or SPPF layer.

YOLOv11 demonstrates lower training time and
per image inference latency and higher results in
precision, recall, mAP@50 and mAP@50-95 metrics
than YOLO26.

Further improvement is envisioned in combining
layer freezing with hyperparameter optimization.
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MABUIIEHHA EOEKTUBHOCTI BUABJIIEHHA OB’€KTIB MOJIEJISIMU YOLOVI11 TA
YOLO26 BHACJIIIOK 3AMOPOXYBAHHS IIAPIB

Busieinenns 00’€KTiB Bilirpae KIFOYOBY POJb Ui CHCTEM KOMIT I0TepHOro 30py. OAHI€0 3 MPOBITHUX MOICIEH It
pO3B’s13aHHA M€l 3aaa4i Ha cboroHi € Moaenb YOLO. /i1 KOpeKTHOTO BUSBIEHHS CIEU(pIYHUX KJI1aciB 00’ €EKTIB MO-
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nenb YOLO moTpebye ToAaTKOBOTO HaBYaHHS. 3 IIIEI0 METOIO 3aCTOCOBYETHCS METOJ IMepEeHECeHHsI HaBuaHHs. [lepc-
NEKTUBHUM T1JIX0JIOM Y HOro MeXax € 3aMOpOoKyBaHHs mapiB. OHaK Ll MUTAaHHs 3aJIMIIAETHCS HEMOCTaTHBO JIOCITi-
JOKEHHMM, 0COOJIMBO JUTsl HOBITHIX apxiTekTyp cepii YOLO, takux sik YOLOv11 ta YOLO26, nonpu cyTTeBi BJOCKOHA-
JIeHHs1, 30KpeMa 3aminy Osoky C2f na C3k2 ta nomaBanss 61oky C2PSA micis SPPFE. V crarti po3risiHyTo npobiemy
Hi/ABUILEHHS e()eKTUBHOCTI BUABICHHS 00 €xTiB MozemsiMu YOLOv11 ta YOLO26 nuisixoM 3acTOCYBaHHS 3aMOPOXKY-
BaHHSA IIAPiB MiJ Yac NMEPCHECCHHS HaBUaHHSA. EKCIIEPUMEHTH MPOBOAMINCS 3 BUKOPHUCTAHHAM [BOX HaOOpPiB AaHUX —
CepeHbOT0 Ta MaJIOro Po3Mipy, sIKi OyJI0 aBTOMAaTHYHO 3aBaHTakeHO uepes miatdopmy Roboflow. Crparerist 3amopo-
XKyBaHHS repeadavana aHajli3 BILIMBY 3aMOPOXKYBAaHHs KIIFOUOBHX IIAapiB OCHOBHOI yacTuHM Takux sik C3k2, C2PSA,
SPPF, a Takox OkpeMHuX mapiB Mui, MOPiBHIHO 3 MiaAX00M 6e3 3amopokyBaHHs. OTiHIOBaHHS 3IIHCHIOBAJIOCS 32 MET-
pUKaMH TOYHOCTI, MOBHOTH, MAP@50 ta mAP@50-95. VYci excnepmMmeHTH BUKOHAHO B cepemoBumy Google
Colaboratory Pro 3 BuxopuctanasiMm rpadignoro mporecopa NVIDIA A100 (40 I'b mam’sti). HaBuanus tpuano 50
€TI0X 13 3aCTOCYBaHHIM MeXaHi3My PaHHBOI 3YITUHKH Y pa3i BiICYTHOCTI MOKpaIieHHs npoTsirom 20 enox, po3Mip maxe-
Ta cTaHOBUB 16 3paskiB, mBuakicTs HaB4aHHS — 0,01. s moneni YOLO26 BukopucroByBaBest ontuMizatop MuSGD,
st YOLOv11 — SGD, a Takox ontumMizatop AdamW st 060x Mogaeneit. Otpumani pe3yabTaTH CBiadaTh PO BiICyT-
HICTh YHIBEpCabHOI ONTHUMAIBHOI CTpATEerii 3aMOPOXKYBaHHS MIapiB; HATOMICTh C(HOPMYITHOBAHO EMITIPUYHO OOIPYH-
TOBaHI pekoMeHpanii. 30KkpeMa, JOLIFHO 3aMOPOXKYBaTH LIApH OCHOBHOI YAaCTHHHM i3 3ymHHKOI0 Ha Oxomi C3k2 s
000x Mojieneit HezanexxHo Bij BuOopy ontumizaropa. Ans YOLO26 nonaTkoBi nepeBaru JEMOHCTPYE 3aMOPOKYBaHHS
1o 6nmoky C2PSA BkimoyHO. Y BUNAIKy Majoro Habopy AaHMX €(EeKTHBHOIO € CTpaTeris 3aMOpOXYBaHHS /10 OJIOKY
SPPF BxitouHo, 30kpema juist YOLO26 3 ontumizaropom MuSGD. 3amopoxyBaHHs IIapiB MM BUIIOTO MOPSIKY HE
HaJla€ CyTTEBOTO MOKPAIICHHS e()EeKTUBHOCTI, X04a B OKPEMHX BHUIAJKAaX MOXKE IMJBUIYBATH 3HAYCHHS OKPEMHUX MET-
puk. Takox BcTaHoBieHo, 1m0 Mozens YOLOv11, ne3axaroun Ha Ounbiry kinbkicts GFLOPs 1 mapamerpiB TpeHyBaH-
HS, JEMOHCTPYE MEHINIUK 9ac HaBYaHHS Ta HWKUYY 3aTPUMKY iH(epeHCy omHoro 300paxkeHHs. Kpim Toro, YOLOv11
3a0e3reuye BHIII 3HAYEHHS METPHK TOYHOCTI, MTOBHOTH, MAP@50 ta mAP@50-95 nopisusno 3 YOLO26 miis 060x
HaOOpiB JaHHX.

Kurouosi cioBa: YOLO, BusiBneHHS 00’ €KTiB, IEpEHECCHHS HABYAHHS, KOMIT IOTEpHUH 3ip.
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