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Abstract: Current object detection methods typically focus on addressing the distribution discrepan-
cies between source and target domains. However, solely concentrating on this aspect may lead to
overlooking the inherent limitations of the samples themselves. This study proposes a method to
integrate implicit knowledge into object detection models, aiming to enhance the models’ effective-
ness in identifying target features within images. We analyze the sources of information loss in object
detection models, treating this loss as a form of implicit knowledge and modeling it in the form of
dictionaries. We explore potentially effective ways of integrating latent knowledge into the models
and then apply it to object detection models. The models demonstrate a 1% and 0.8% improvement
in mean average precision(mAP) in the UA-DETRAC and KITTI datasets, respectively. The results
indicate that the proposed method can effectively enhance the relevant metrics of object detection
models without significantly increasing the parameter or computational overhead. By excavating
and utilizing implicit knowledge, we enhance the performance and efficiency of the models, offering
new perspectives and methods for addressing challenges in practical applications.

Keywords: multi-task; implicit knowledge; dictionary parameters; object detection

1. Introduction

In deep learning models, sharing a common underlying network structure is a com-
monly employed approach when simultaneously handling and optimizing multiple distinct
yet related tasks [1]. However, due to the varying feature requirements among different
tasks, the sharing of the underlying network may lead to information interference between
tasks. The object detection task can be characterized as achieving both object classification
and object position regression, and these two tasks may mutually influence each other.

Furthermore, during the training process of deep learning models, when influenced
by data quality and the model structure, the model may lose some valuable information
relevant to the task. In convolutional neural networks, due to constraints on parameters
such as the size and stride of convolutional kernels, certain local information may be
discarded or blurred [2]. This information loss is particularly pronounced in deep neural
networks, where each layer of convolutional operations may introduce a certain degree of
information loss, thereby decreasing the overall performance and generalization capability
of the entire network [3].

To alleviate the impact of information loss in the training process of object detection
models, in this paper, we investigate the causes of model information loss by combining the
algorithmic principles of single-stage object detection models. We propose a single-stage
object detection method based on implicit knowledge.As shown in Figure 1, we present
a method for modeling implicit knowledge that is distinguishable from conventional
approaches in object detection, such as knowledge distillation or attention mechanisms.
Specifically, to parameterize the implicit knowledge in the model, we introduce a set of
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dictionaries into the model to extract implicit knowledge. Experimental results on the
UA-DETRAC dataset [4] and KITTI dataset [5] demonstrate that our approach performs
well in detecting objects in road scenes.

(a) (b) (c)

Figure 1. (a) FPN + PAN; (b) BiFPN; (c) FPN + PAN implicit knowledge.

In summary, our study makes the following contributions:

1. The causes of information loss in object detection tasks are thoroughly investigated,
and the sources of implicit knowledge are fully analyzed;

2. A method to model implicit knowledge through parameter dictionaries is proposed,
integrating the principles of dictionary learning. The experimental section val-
idates the different effects of implicit knowledge on various structures of object
detection models;

3. An approach is designed to incorporate implicit knowledge into the model structure of
object detection, demonstrating, in the experimental results, that the cost of integrating
implicit knowledge into the object detection model is negligible.

The remaining content of this paper is organized as follows. In Section 2, we introduce
related work from three aspects: explicit and implicit knowledge, knowledge dictionaries,
and the multi-scale structure of object detection models. In Section 3, we discuss the sources
of implicit knowledge, theoretically analyze the feasibility of modeling implicit knowledge,
and outline the methods for incorporating implicit knowledge into the model based on the
structure of object detection models. Experimental validation of the ways in which implicit
knowledge affects the model is conducted in Section 4 to confirm the effectiveness of the
proposed approach. Finally, Section 5 concludes the paper and discusses future work.

2. Related Works

In this section, we will present the methods employed in this study and review the
relevant research.

2.1. Explicit Knowledge and Implicit Knowledge

Convolutional neural networks (CNNs) extract the shallow features of objects as
explicit knowledge, serving as the basis for observing the model’s performance. Therefore,
explicit knowledge can be understood as the parameters of the model learned from the
data. These parameters are explicitly represented and quantifiable, such as the weights
and biases of a neural network. The transformer [6,7] is a commonly used explicit deep
learning method.

During the process of feature extraction, due to the lack of effective constraints, some
deep-level information may be lost. We refer to this easily discarded portion of feature
information as implicit knowledge. Implicit knowledge is knowledge that cannot be directly
quantified or explicitly represented, such as when using periodic activation functions for
implicit neural representations [8]. For example, an image classification model may learn
how to recognize certain features in images (such as edges or textures), but this knowledge



Appl. Sci. 2024, 14, 2124 3 of 15

is not directly reflected in the model’s parameters; instead, it is implicit in the model’s
structure and parameters.

Both explicit knowledge and implicit knowledge are crucial components of deep learn-
ing models for understanding data and making predictions. In the field of object detection,
methods based on knowledge distillation [9–11] are frequently employed to transfer knowl-
edge from complex models to simpler models with slight performance loss. Attention
mechanisms [12–14] are also commonly used to focus on relevant information and suppress
irrelevant details. Wang et al. [15] proposed a method using kernel space alignment to
obtain implicit knowledge, arguing that convolutional neural networks (CNNs) predomi-
nantly emphasize the extraction of explicit knowledge within the network, neglecting the
impact of implicit knowledge.

2.2. Multi-Task Learning

The objective of multi-task learning is to enhance overall performance by enabling a
model to leverage the correlations between different tasks through the sharing of model pa-
rameters or hierarchical structures. Multi-task models can simultaneously address various
types of tasks, including classification, regression, and so on. In order to address feature
differences among different tasks, prevalent methods include knowledge transfer through
transfer learning [16], where shared knowledge is utilized to boost model performance
in another task. Jocher et al. [17] balanced the contributions of different tasks in object
detection models by weighting the loss functions for various tasks. Li et al. [18] mitigated
the interference between different tasks by decoupling tasks. This enables the model to
focus on individual tasks, reducing the impact of inter-task interference.

2.3. FPN + PAN Structure

The feature pyramid network (FPN) [19] enhances the accuracy of object detection and
segmentation by constructing a feature pyramid across multiple scales, extracting object
features at different resolutions. This network architecture effectively merges feature maps
with strong semantic information at lower resolutions and feature maps with weaker but
spatially rich semantic information at higher resolutions. This integration addresses the
multi-scale challenges in object detection, improving the detection performance of smaller
objects without significantly increasing computational cost. EfficientDet [20] introduced
a bi-directional feature pyramid network (BiFPN), employing a fast multi-scale fusion
approach to enhance the integration of information across scales.

By utilizing a bottom-up reinforcement path, the path aggregation network (PAN) [21]
enhances the precise localization signals throughout the entire feature hierarchy, thereby
shortening the information path between the bottom and top-most features. Both of these
architectures effectively enhance the network’s ability to detect objects at different scales,
merging feature maps with strong semantic information at lower resolutions and feature
maps with weaker but spatially rich semantic information at higher resolutions, all while
minimizing the increase in computational complexity.

3. Problem Formulation and Preliminaries

Suppose that there is a noise data matrix X̃, which can be represented as

X̃ = X + S + E (1)

where X represents the noise-free data matrix, S represents the sparse noise matrix, and E
represents the Gaussian noise matrix. If a neural network model is used to solve the data
matrix, it can be represented as

y = fθ(x) + ε

minimize ε
(2)

In the equation, ε represents the error term, which describes the disparity between the
predicted values of the model and the actual observed values. θ denotes the parameter
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vector, taking values in the n-dimensional Euclidean space. fθ(x) represents the output
values of the model f under the parameter vector θ when the input data are x. y signifies
the output of the neural network. For a neural network model, our objective is to ascertain
a parameter vector θ that satisfies

y = fθ(x) (3)

During the model training process, the neural network’s forward propagation extracts
features by transforming raw input data into more abstract and meaningful representa-
tions. Neurons in different layers of the network learn to map input data to higher-level
representation spaces, gradually extracting useful feature information from the data. In the
neural network’s backward propagation, optimization algorithms [22,23] are employed to
minimize ε based on the feature information extracted during forward propagation, aiming
to approximate the optimal solution for the parameter vector θ. This optimization theory
can be summarized by the following formula:

arg min
θ

‖y− fθ(x)‖2
2 (4)

From an optimization perspective, we seek to find the optimal parameters to minimize
prediction error. This involves defining a loss function to measure the disparity between
the model’s predictions and the actual values and employing optimization algorithms to
adjust the model parameters. From the standpoint of deep learning, our aim is to enhance
the model’s generalization capability, meaning its ability to make accurate predictions on
new, unseen data.

Therefore, in deep learning, we often do not strictly adhere to minimizing the error
term to train the model. Moreover, the error term might reflect the complex patterns
presented in the data, but this is not captured by the model. These patterns could arise due
to insufficient model capacity or because the model’s structure is inadequate for handling
certain types of data. Thus, Equation (2) can be modified to

y = fθ(x) + ε + µ (5)

where µ represents the complex patterns presented in the data but that are not captured by
the model, while ε still denotes the error term. We believe that incorporating this implicit
knowledge can assist the model in achieving a better performance.

3.1. Information Loss in the Object Detection Model

In the process of feature extraction in object detection models, the hierarchical structure
of neural networks and parameter adjustments lead to transformations and selections of
input data, resulting in a certain degree of information loss. The information loss in object
detection models stems from various aspects. This study aims to effectively explore and
utilize the implicit knowledge within the model to enhance its performance.

3.1.1. Sampling Information Loss

The design and structure choices of neural network models may restrict their expres-
sive power. For instance, using a smaller network depth, fewer convolutional or fully
connected layers, etc., might fail to adequately capture the details and complex relation-
ships within the input data, leading to information loss. Additionally, downsampling
is often performed in neural network models to reduce computational complexity and
memory consumption [24]. These operations result in a decrease in the dimensionality
of input features, leading to the loss of some detailed information. Nonlinear activation
functions (such as ReLU, sigmoid, etc.) are employed to perform nonlinear transformations
on features; while these activation functions introduce nonlinear factors that aid the model
in learning more complex feature representations, they may also introduce information
loss, especially when features are compressed into a minimal range. As shown in Figure 2,
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as the depth of the neural network increases, the loss of information in the model becomes
more apparent.

(a) (b) (c)

Figure 2. Visualization of feature maps at different layers in neural networks. (a) Input images;
(b) shallow layer feature maps; (c) deep layer feature maps.

In real-time object detection tasks, we often opt to enhance the model’s inference speed
by reducing its parameter count and computational complexity [25]. However, due to
the decrease in model complexity, the information loss during feature extraction tends to
increase further.

In single-stage object detection models, features are first extracted using convolutional
neural networks. Subsequently, multi-scale feature fusion operations are applied to the ex-
tracted features, followed by the prediction of object positions and categories using a series
of convolutional and fully connected layers. Feature fusion involves utilizing techniques
such as feature pyramid networks (FPNs) and path aggregation networks (PANs) to obtain
both global and local information, thereby acquiring features with broader receptive fields
at different scales.

However, during the feature fusion process in object detection, models using feature
pyramid network (FPN) upsampling and fusion operations are performed on features from
different levels. Due to the upsampling operation, the spatial resolution of lower-level
features increases, but this may result in the loss of some fine-grained details. Upsampling
typically employs interpolation methods (such as nearest neighbor or bi-linear interpola-
tion), which can lead to the loss or blurring of fine details. Additionally, feature fusion
operations may also contribute to information blurring. The fusion of lower-level and
higher-level features might mix some semantic information, causing the details of lower-
level features to be affected by blurring.

In the path aggregation network (PAN) structure, similar issues arise during the
downsampling process of feature information in object detection models.

3.1.2. Information Loss Caused by Multi-Tasking

In addition to sampling information loss, multi-task learning is another significant
factor leading to information loss in single-stage object detection models. In multi-task
learning, the model needs to handle multiple tasks simultaneously, which may result in
mutual interference between tasks, leading to information loss, as shown in Figure 3.

Figure 3. Schematic diagram of multi-task single-stage object detection model.
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Currently, the main approach to address this issue is by designing loss functions to
balance the importance of each task. Different tasks may have varying learning speeds and
difficulties, and excessive focus on one task may lead to a decline in performance in others.
During model training, to adapt to multiple tasks, the model may prioritize certain tasks
while sacrificing the learning effectiveness for others, thereby causing information loss.

The shared underlying network structure in multi-task learning may also have an
impact on the feature representation for each task. The shared representation may not be op-
timal for every task, causing some tasks to inadequately express their specific information,
resulting in information loss.

3.2. Modeling Implicit Knowledge

In the above discussions, we explored the implicit knowledge embedded within
the error term of the model and analyzed the parts of object detection models where
information loss is prone to occur, along with potential causes. In this section, we will
outline how to incorporate this implicit knowledge into the model.

In the transformer model [6,26], the self-attention mechanism captures the depen-
dencies between different positions, whereas the introduction of the cls_token directs the
model’s focus to the entire sequence, thereby better capturing global semantic information.
The cls_token serves as a special token for input sequences and is typically used to represent
the semantic information of the entire input sequence or as input for classification tasks.
It is transformed into a vector representation through an embedding layer and passed as
part of the input sequence to the transformer encoder. The cls_token itself is not directly
related to the classification target but serves as a learned special representation during the
model’s design and training processes, providing contextual information and semantic
representation for the overall sequence. Constructing a structure similar to ‘cls_token’ in
object detection models enables the extraction of implicit knowledge obtained during the
sampling process or influenced by model structural factors.

Suppose that there exists a set of parameters, z, that interact with the model and that
aid in capturing the complex patterns that exist in the data but are not captured by the
model, thereby storing the implicit knowledge, µ, present in the data. These parameters
should be capable of storing and processing various types of information, dynamically
updating and modifying during the training process. They should adjust their content and
structure dynamically based on different input data and task requirements.

We believe that this set of parameters can be structured in the form of a dictionary
and applied to the model. However, the exact mechanism of their influence is currently
unknown. Therefore, we temporarily use the symbol “~” to denote the operational rela-
tionship between explicit and implicit knowledge, as follows:

y = fθ(x)~ gϕ(z) + ε (6)

which can be represented as

arg min
θ,ϕ

‖y− fθ(x)~ gϕ(z)‖2
2 (7)

We use gϕ to represent the implicit knowledge gained by the model under the influence
of parameter z. We attempt to use the features obtained from sampling in the object detec-
tion model as the “keys” of the dictionary and set multiple sets of mutually independent
parameter vectors as the “values” of the dictionary, storing task-related implicit knowledge.

3.3. Modeling Implicit Knowledge in Object Detection Models

A single-step object detection model generally consists of three parts: the backbone,
responsible for feature extraction; the neck, which performs multi-scale feature fusion; and
the head, which detects the position and class of objects based on the features extracted by
the previous two parts.
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During the feature fusion process, the object detection model concatenates feature
maps or feature vectors from different layers along the channel dimension, transforming
features from different layers to the same size through interpolation or convolution. Shal-
low features, closer to the input data, typically have higher resolution and more detailed
information, while deeper features contain higher-level semantic information and global
context, albeit with lower spatial resolution but capturing broader contextual information.
Since the feature maps from different layers contain varying information, sampling and
concatenation may lead to feature aliasing issues [27], resulting in information loss. There-
fore, we chose to incorporate implicit knowledge into the model during the feature fusion
process to optimize feature representation, as illustrated in Figure 4.

Figure 4. Architecture of n single-stage object detection model with implicit knowledge integration
in feature extraction and fusion stages.

Let Ci(i ∈ 1, . . . , n) denote the original feature maps input into the feature pyramid
network (FPN) and the pyramid attention network (PAN) structures. The fused feature
maps after fusion that compute h are represented as Pi(i ∈ 1, . . . , n), where i represents the
level of the feature maps. Therefore, the FPN and PAN stages can be expressed as

Pi+n = h(Ci, Ci+1, . . . , Ci+n) (8)

The incorporation of the fusion operation, which integrates implicit knowledge into
the model, can be represented as

Pi+n = h
(
Ci ~ gϕ(zi), Ci+1 ~ gϕ(zi+1), . . . , Ci+n ~ gϕ(zi+n)

)
(9)

4. Experiment

In this section, we conducted experiments to validate the effectiveness of the proposed
method. Our experiments were conducted on the UA-DETRAC and KITTI datasets.

4.1. Datasets and Evaluation Metrics
4.1.1. Datasets

As shown in Figure 5, the UA-DETRAC dataset comprises video clips captured from
traffic surveillance cameras on urban roads. These clips are recorded in high definition,
depicting real-world urban traffic scenarios involving various types of vehicles, pedestrians,
and other road users. We selected three categories from the dataset, namely sedans, buses,
and vans. We split the Insight−MVT_Annotation_Train part into training and validation
sets in an 8:2 ratio and utilized all images from the Insight−MVT_Annotation_Test part
as the test set.
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(a) (b)

Figure 5. UA-DETRAC dataset. (a) Example images; (b) the distribution of labels in the dataset.

As shown in Figure 6, the KITTI dataset is a widely used public dataset for research
in autonomous driving and computer vision. It provides high-resolution RGB image
sequences captured in various scenes, such as urban streets, rural areas, and highways.
These images often present various challenges, including different weather conditions,
complex traffic situations, and lighting variations. For our experiments, we randomly
split the training set into training and validation sets at a ratio of 8:2, and we selected four
vehicle categories from the dataset: Van, Tram, Car, and Truck.

(a) (b)

Figure 6. KITTI dataset. (a) Example images; (b) the distribution of labels in the dataset.

4.1.2. Evaluation Metrics

In the experiments, precision (P), recall (R), average precision (AP), and mean average
accuracy (mAP) were employed as performance evaluation metrics. Precision is defined as
the ratio of the number of true positive samples to the total number of positive samples
predicted, serving to assess the model’s accuracy. Precision (P) can be computed using the
following formula:

P =
TP

TP + FP
(10)

where TP represents the true positive cases where the actual condition is positive and the
predicted condition is also positive, and FP represents the false positive cases where the
actual condition is negative, but the predicted condition is positive. Recall, also known as
sensitivity, is defined as the ratio of the number of true positive samples to the total number
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of positive samples in the ground truth, which is used to evaluate the comprehensiveness
of the model’s detection. R can be calculated using the following formula:

R =
TP

TP + FN
(11)

where FN represents the false negative cases where the actual condition is positive but the
predicted condition is negative. Average precision (AP) is defined as the area enclosed by
precision, recall, and axis. AP can be calculated using the following formula:

AP =
∫ 1

0
P(x)dx (12)

where P(x) in Formula (11) represents the smoothed precision–recall curve.
To calculate the mean average precision mAP, sum the AP values for each class and

divide by the number of classes, as follows:

mAP =
∑n

i=1 APi

n
(13)

In the formula, n represents the number of classes and APi represents the average
precision for the i-th class.

In the experiments, mAP50 and mAP are adopted as evaluation metrics to assess the
effectiveness of the model. mAP50 calculates the average AP at IoU [24] = 0.5. mAP is
computed across IoU values ranging from 0.5 to 0.95, with a step size of 0.05, and mAP is
calculated at these IoU thresholds.

4.2. Implement Details

In this study, we conducted training on an Inspur brand computer equipped with
an Intel 5220R XeonCPU @ 2.2 GHz processor, 32 GB of memory, and Tesla V100s graphics
cards using the PyTorch [28] 1.10.1 with CUDA 11.3.

For a fair comparison, all methods were trained under the same settings. We chose
YOLOv5s [17] as the baseline model for experiments, and all hyperparameters were based
on the pre-trained model on the COCO dataset [29].

During the training process, we initialized the model parameters using those trained
on the COCO dataset, and they were trained for 200 epochs. After 200 epochs, we froze
the backbone part of the model and continued training for another 100 epochs without
any other modifications, using the model after 200 epochs as the baseline model. In the
experimental group, we attempted to incorporate implicit knowledge into the model by
adding dictionary parameters to the model that had already been trained for 200 epochs. We
then froze the model and continued training for another 100 epochs. The batch size during
training remained constant at 32. Data augmentation was performed using normalization
and random cropping. The weight decay of the Adam optimizer was set to 1 × 10−3. The
initial learning rate was set to 1 × 10−2. and was then decayed to 1 × 10−4. using the cosine
annealing scheduling algorithm [30] over the iterations. The momentum was set to 0.937.

4.3. Experimental Design

In this study, the object detection model adopts an FPN+PAN structure. In the FPN
stage, feature fusion involves feature maps from both the backbone and the upsampled
feature maps from FPN. The feature maps from the backbone are obtained through convo-
lutional modules [31], while the feature maps from the FPN are obtained through bi-linear
interpolation. In the PAN stage, feature fusion involves feature maps from both the FPN
and the downsampling stage of PAN itself. The former comes from the convolutional
modules in the FPN stage, while the latter is derived from convolution in the PAN stage.

We assume two ways in which implicit knowledge affects the model, denoted as
operation “~”: addition and multiplication. In the experiment, we set the initial parameters
z of the dictionary to a set of random numbers following a normal distribution. If an
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addition operation is used, the initial dictionary parameter is denoted as z ∼ N(0, 0.02); if
a multiplication operation is used, the initial parameter is denoted as z ∼ N(1, 0.02). As
shown in Figure 7, the “~” symbol represents an addition or multiplication operation.

Figure 7. Parameter dictionaries in the feature fusion stage.

4.4. The Experimental Results and Analysis

In the comparative experiment results, as shown in Table 1, there are four feature fusion
operations in the model. We categorized them into two groups based on how the feature
maps from two parts are processed: the FPN part and the PAN part. We performed addition
or multiplication operations with feature maps and parameter dictionaries processed
differently, or we did not make any modifications. When comparing the experimental
group with the baseline model indicators, it can be observed that incorporating implicit
knowledge can enhance the effectiveness of the object detection model.

Table 1. Comparative experiments on the effects of parameter dictionaries on UA-DETRAC datasets.

FPN PAN P R AP50 AP75 mAP
Conv|Upsample 1 Conv|Conv

Baseline © © © © 0.731 0.669 0.721 0.68 0.571
1 © + © © 0.735 0.671 0.728 0.687 0.578
2 © × © © 0.736 0.67 0.725 0.683 0.576
3 + × © © 0.736 0.67 0.722 0.68 0.573
4 × © © © 0.738 0.669 0.725 0.684 0.575
5 + × © © 0.738 0.665 0.721 0.681 0.572
6 × + © © 0.735 0.673 0.729 0.687 0.579
7 × × © © 0.734 0.672 0.723 0.682 0.574
8 + + © © 0.735 0.673 0.723 0.68 0.574
9 © © © + 0.741 0.669 0.723 0.68 0.573
10 © © © × 0.738 0.667 0.727 0.687 0.577
11 © © + × 0.735 0.668 0.723 0.681 0.574
12 © © × × 0.734 0.674 0.725 0.682 0.575
13 © © × + 0.736 0.669 0.723 0.682 0.574
14 © © + × 0.742 0.668 0.725 0.682 0.575
15 © © × × 0.737 0.672 0.729 0.688 0.579
16 © © + + 0.742 0.666 0.723 0.681 0.574

1 Improvements made after convolution/upsampling in FPN/PAN. “©” denotes no modification, “+” denotes
the addition of parameter dictionaries for additive operations at this stage, and “×” denotes the addition of
parameter dictionaries for multiplicative operations at this stage.

In the FPN part, we performed both addition and multiplication operations sepa-
rately on the same feature fusion region. When comparing the AP50, AP75, and mAP in
experiments 3 and 4, introducing implicit knowledge into the model using a multiplication
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operation in the convolution part resulted in improvements of 0.3%, 0.4%, and 0.2%, re-
spectively, when compared to using the addition operation. Similarly, when comparing
the AP indicators in experiments 1 and 2 in the upsampling part, introducing implicit
knowledge into the model using the addition operation resulted in improvements of 0.3%,
0.4%, and 0.2%, respectively, compared to using the multiplication operation. Likewise, in
the PAN part, when comparing the AP indicators in experiments 9 and 10 and experiments
11 and 12, we can conclude that, for the feature fusion stage after the convolutional oper-
ation, using a multiplication operation for the parameter dictionary yields better results
than using an addition operation in this dataset scenario. Therefore, we hypothesize that,
for the feature fusion stage after linear operation, using the addition operation for the
parameter dictionary yields better results than using the multiplication operation in this
dataset scenario.

Based on the conclusions above, we compared the results of the following experiments:
experiments 6 and 8, experiments 6 and 7, and experiments 15 and 16. We found that the re-
sults were consistent with the hypothesis, indicating that linear interpolation operations for
implicit knowledge fusion should use an addition operation, while convolution operations
for implicit knowledge fusion should use a multiplication operation.

Table 2 records the mAP (mean average precision) of three classes of targets in the
experimental groups with significantly higher improvements compared to the baseline.
When compared to the baseline, the integration of latent knowledge resulted in improved
mAP values for all three categories of labels. In the dataset, the number of labels for
the “van” category is significantly lower than those for the “car” and “bus” categories.
The incorporation of latent knowledge notably enhanced the mAP for the “van” category,
showing a 1.5% improvement in Experiment 15. This improvement suggests that the
parameter dictionary successfully stored complex patterns existing in the data but not
captured by the model, thereby enhancing the model’s expressive capacity.

Table 2. The mAP values of categories in certain experimental groups.

mAP Baseline 1 4 6 10 15

car 0.612 0.613 0.614 0.615 0.614 0.615
bus 0.646 0.649 0.647 0.647 0.647 0.649
van 0.457 0.471 0.457 0.474 0.471 0.472

Further experiments were conducted, building upon the conclusions drawn from
the previous sections, as shown in Table 3. The enhancement of model AP metrics by
latent knowledge became more pronounced. In Experiment 22, the feature maps obtained
through convolution were multiplied by the parameter dictionary, while the feature maps
obtained through upsampling were added by the parameter dictionary. As a result, AP50,
AP75, and mAP were improved by 1.1%, 1%, and 1%, respectively, compared to the baseline.
With an increase in the number of parameter dictionaries, there was also an increase in the
latent knowledge stored within these dictionaries.

Table 3. Comparative experiments on the effects of parameter dictionaries.

FPN PAN P R AP50 AP75 mAPConv|Upsample Conv|Conv

Baseline © © © © 0.731 0.669 0.721 0.68 0.571
17 × × × × 0.749 0.665 0.729 0.688 0.578
18 + + + + 0.746 0.67 0.731 0.69 0.58
19 + + × × 0.746 0.667 0.731 0.69 0.58
20 × × + + 0.744 0.669 0.728 0.685 0.578
21 + × + + 0.745 0.669 0.731 0.69 0.58
22 × + × × 0.743 0.668 0.732 0.69 0.581
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As shown in Table 4, when analyzing the information regarding model parameters
and computational complexity, the incorporation of implicit knowledge resulted in an
increase of approximately 0.12% in model parameters and an increase of 0.08% to 0.11% in
computational complexity. However, there was a significant improvement in the model’s
performance. It can be observed from Figure 8 that adding dictionary parameters did not
have a substantial impact on the model training.

Figure 8. Model learning curve.

Table 4. Comparison of model parameters and computational complexity.

Model # Parameters MFLOPS

Baseline 7,016,287 158,429.6371
Implicit1 1 702,357 (+0.12%) 158,556.3808 (+0.08%)
Implicit2 7,025,791 (+0.13%) 158,603.9097 (+0.11%)

1 The notation implicit{1, 2} indicates that the number of locations for adding parameter dictionaries is
1 and 2, respectively.

We compare the effectiveness of our proposed method with commonly used ap-
proaches in the field of object detection based on three aspects: mAP, computational
complexity, and processing time per image; the experimental results are shown in Table 5.
For the entire training process, we followed the YOLOv5 [17] training process. Furthermore,
we opted to first train for 80 epochs and then fine-tune for an additional 40 epochs.

Table 5. Comparison of performance among different methods on UA-DETRAC dataset.

Method mAP Gflops Time (ms)

CBAM [23] 0.598 15.8 2.0
MobileNetv2 [32] 0.583 10.4 2.2
MobileNetv3 [33] 0.559 37.9 2.3

ShffuleNet [34] 0.505 3.6 1.5
Ours 0.596 15.8 2.0

In order to validate the effectiveness of our proposed method on other datasets,
experiments were conducted using the same configuration on the KITTI dataset. The
results indicate that our proposed method successfully integrates latent knowledge into
object detection models.

As shown in Table 6, compared to the baseline model, our proposed method effec-
tively improves the relevant metrics of the object detection model.The performance of the
proposed method on two datasets is shown in Figure 9.
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Table 6. Experiment on KITTI dataset.

Model Pval Rval AP50val mAPval

Baseline 0.951 0.96 0.973 0.818
Ours 0.955 0.96 0.978 0.826

(a)

(b)

(c)

(d)

Figure 9. Detection performance. (a,c) Baseline model; (b,d) Model with implicit knowledge dictionary.

5. Conclusions

In this paper, we present the principles and implementation methods of modeling im-
plicit knowledge. Specifically, we propose a method of modeling implicit knowledge using
parameter dictionaries based on the idea of knowledge dictionary learning. Through these
parameter dictionaries, we store complex patterns that exist in the data but are not captured
by the model. In the future, we will investigate the role of implicit knowledge in transfer
learning [35] and explore the ways in which prior knowledge influences deep learning.
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