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 A B S T R A C T

Label distribution learning (LDL) requires the learner to predict the degree of correlation between each sample 
and each label. To achieve this, a crucial task during learning is to leverage the correlation among labels. 
Deep Forest (DF) is a deep learning framework based on tree ensembles, whose training phase does not rely 
on backpropagation. DF performs in-model feature transform using the prediction of each layer and achieves 
competitive performance on many tasks. However, its exploration in the field of LDL is still in its infancy. The 
few existing methods that apply DF to the field of LDL do not have effective ways to utilize the correlation 
among labels. Therefore, we propose a method named Enhanced and Reused Feature Deep Forest (ERDF). It 
mainly contains two mechanisms: feature enhancement exploiting label correlation and measure-aware feature 
reuse. The first one is to utilize the correlation among labels to enhance the original features, enabling the 
samples to acquire more comprehensive information for the task of LDL. The second one performs a reuse 
operation on the features of samples that perform worse than the previous layer on the validation set, in order 
to ensure the stability of the training process. This kind of Enhance-Reuse pattern not only enables samples to 
enrich their features but also validates the effectiveness of their new features and conducts a reuse process to 
prevent the noise from spreading further. Experiments show that our method outperforms other comparison 
algorithms on six metrics.
. Introduction

In multi-label learning (MLL) [1], the label corresponding to an 
nstance is a subset of labels, rather than a single label as in tradi-
ional single-label learning (SLL). For example, in movie classification, 
 movie can be labeled with ‘‘comedy’’, ‘‘action’’, and ‘‘romance’’ 
imultaneously; in news text annotation, an article can involve both 
‘technology’’ and ‘‘finance’’ topics. MLL significantly enhances the 
odel’s ability to describe complex objects and has been widely ap-
lied in various fields such as text classification [2,3], multimedia 
nalysis [4,5] and image content annotation [6–8].
Although MLL has significantly improved the expressive power com-

ared to SLL, it shares the same fundamental assumption as SLL: labels 
escribe instances in a binary manner, i.e., a label is either relevant 
r irrelevant for an instance. This binary assumption ignores a crucial 
act that the contribution or importance of different labels in describing 
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the same instance may vary from each other. For example, a movie 
might mainly be an action film but also contain a few comedy elements. 
Traditional learning paradigms cannot capture this semantic ambiguity 
and uncertainty. To more precisely quantify the relative importance of 
different labels, label distribution learning (LDL) [9] is proposed as a 
more general learning paradigm. The core idea of LDL is to associate a 
label distribution with an instance. This distribution is a real-valued 
vector, where each element represents the description degree of the 
corresponding label for the instance, and the sum of all dimensions 
is 1. In this way, LDL extends the qualitative ‘‘yes or no’’ judgment 
of label descriptions to a quantitative ‘‘degree’’ measurement, thereby 
enabling more precise and comprehensive capture of the semantic 
information of the object. Due to its ability to address the more general 
scenario of label ambiguity, it has seen wide application in diverse tasks 
such as facial expression recognition [10–12], object detection [13], 
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data mining, AI training, and similar technologies. 
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Fig. 1. This is an example sample of label distribution learning. On the left is a landscape picture as an input, which contains multiple elements. On the right is 
the degree of relevance of each element to the picture, which together form the label of this picture: 𝒅image = {0.03, 0.24, 0.21, 0.4, 0.03, 0.09}. Mountain and water 
tend to appear together, so the values of these two dimensions are both large. When cloud is present, the values describing the degree of the sky tend to be 
large. These are all manifestations of the correlations between the labels.
medical care [14,15], and other related fields. Some recent articles 
innovatively use label distribution to assist in the process of multi-label 
learning [16].

Whether in the MLL or LDL paradigm, the labels are not indepen-
dent of each other. Therefore, making use of the correlations between 
labels is an important task during learning. In LDL, the labels with 
greater correlations tend to be assigned larger values simultaneously. 
For example, in the image classification task, the pair of labels ‘‘sea-
water’’ and ‘‘beach’’ tends to be highly correlated with the image. This 
situation is less likely to occur between labels with smaller correlations. 
For instance, in the movie classification task, labels like ‘‘love’’ and 
‘‘horror’’, ‘‘technology’’ are basically unlikely to be assigned larger 
values simultaneously. A more concrete example is illustrated in Fig.  1. 
Making good use of the correlations between labels can bring improve-
ments in both effectiveness and performance for the algorithm. Current 
work mainly utilizes the correlation of labels through two methods. One 
is external regularization such as statistical information [17,18], graph 
methods [19–21], or other special regularization items [22–24]. This is 
also the most commonly used method. The other is latent space learning 
such as low-rank methods [25,26]. The former adds regularization 
terms to the loss function based on the label correlations to constrain 
the training of the model; the latter directly alters the label space and 
learns the mapping from the input space to the new label space, then 
projects the prediction back to the original label space. These methods 
predominantly focus on modeling correlations within the output label 
space, whereas few works concentrate on taking advantage of label 
correlations to enrich the input feature space.

Deep Forest [27] is a deep learning framework that does not rely 
on backpropagation. Its implementation draws on the key success 
factors of deep neural networks: layer-by-layer processing, in-model 
feature transformation, and sufficient model complexity. Each layer of 
its cascade structure is an ensemble of multiple forests. Through this 
structure, features are extracted at each layer and passed to the next 
layer for processing. Due to its strong feature representation ability and 
fewer hyperparameters compared to neural networks, DF has achieved 
success in many tasks such as image classification [28,29]. It has also 
developed many different variations. Chen et al. [30] utilize high-
dimensional feature interactions as the internal representation features, 
further enhancing its representational ability; Utkin [31] focuses on 
improving its robustness on small datasets by incorporating imprecise 
probabilities to handle the uncertainty in class predictions. Addition-
ally, assigning different weights to the trees in the forest [32] has been 
used to adapt the framework for metric learning. Some studies have 
also provided theoretical proofs of its performance, for example [33,
34]. However, its exploration in non-single-label learning tasks (such 
as MLL, LDL) is still at an early stage. A major reason for this is that its 
characteristic of lacking a loss function makes it unable to effectively 
2 
utilize traditional methods to leverage the correlation between labels. 
Yang et al. [35] apply DF to the MLL task, using a feature reuse 
mechanism to ensure the stability of the training. Ilidio et al. [36] 
conduct exploration in the task of weak label learning. Although they 
both utilize the correlations between labels to some extent, this process 
is implicit rather than explicit.

This paper proposes the ERDF method, which explicitly utilizes the 
inherent correlation between labels through a feature enhancement 
mechanism. This mechanism is seamlessly integrated with the cascade 
structure of DF, taking full advantage of its layer-by-layer in-model 
feature extraction and transformation capabilities. At the same time, 
to guarantee the quality of the newly generated features and maintain 
the overall stability of the training phase, ERDF uses the feature reuse 
mechanism to identify the poor features and replace them with better 
ones. The main contributions of this paper can be summarized as 
follows:

• We propose a new and simple approach to exploring the corre-
lations between labels during the learning process. Unlike most 
previous methods, it focuses on the input feature space.

• We apply this new mechanism to DF, supplemented by the feature 
reuse mechanism, and conduct a successful exploration of DF in 
the field of LDL.

• Experiments on multiple public datasets demonstrate the superi-
ority of our algorithm. The ablation experiments demonstrate the 
effectiveness of our mechanism.

The remainder of the paper is organized as follows. Section 2 
introduces some preliminaries about LDL. Section 3 details our ERDF 
method, including two designed mechanisms. Section 4 reports the ex-
perimental results followed by the conclusion of the paper in Section 5.

2. Preliminary

In LDL,  ⊆ 𝑑 is a 𝑑-dimensional feature space and  = {𝑦1, 𝑦2,… ,
𝑦𝑐} is the set of 𝑐 possible labels. For the 𝑖th instance 𝑥𝑖 ∈  , its cor-
responding label is a label distribution, denoted as 𝒅𝒊 = {𝑑1𝑖 , 𝑑

2
𝑖 ,… 𝑑𝑐𝑖 }. 

Here 𝑑𝑗𝑖  represents the degree of correlation between 𝑥𝑖 and 𝑦𝑗 . It should 
be noted that 𝒅𝒊 must satisfy two constraints:

• Non-negativity: 𝑑𝑗𝑖 ≥ 0, ∀𝑗 ∈ {1,… , 𝑐}.
• Normalization: ∑𝑐

𝑗=1 𝑑
𝑗
𝑖 = 1.

Fig.  1 is an example sample. The learning task is to learn a mapping 
function 𝑓 ∶  → , which optimizes the performance of unseen 
instances on some specific metrics.  here is the input space and 
is the space of all possible label distributions.
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Table 1
Six evaluation metrics for label distribution learning are divided into two 
types. The arrow indicates the direction for better performance: ↑ signifies 
that a higher value is better, and ↓ signifies that a lower value is better.
 Type Measure Formula  
 
Distance ↓

Chebyshev 𝐷𝑖𝑠1(𝒅,𝒅) = max𝑗 |𝑑𝑗 − 𝑑𝑗 |  
 Clark 𝐷𝑖𝑠2(𝒅,𝒅) =

√

∑𝑐
𝑗=1

(𝑑𝑗−𝑑𝑗 )2

(𝑑𝑗+𝑑𝑗 )2
 

 Canberra 𝐷𝑖𝑠3(𝒅,𝒅) =
∑𝑐

𝑗=1
|𝑑𝑗−𝑑𝑗 |
𝑑𝑗+𝑑𝑗

 
 Kullback–Leibler 𝐷𝑖𝑠4(𝒅,𝒅) =

∑𝑐
𝑗=1 𝑑𝑗 ln

𝑑𝑗
𝑑𝑗

 
 Similarity ↑ Cosine 𝑆𝑖𝑚1(𝒅,𝒅) =

∑𝑐
𝑗=1 𝑑𝑗𝑑𝑗

√

∑𝑐
𝑗=1 𝑑

2
𝑗

√

∑𝑐
𝑗=1 𝑑

2
𝑗

 
 Intersection 𝑆𝑖𝑚2(𝒅,𝒅) =

∑𝑐
𝑗=1 min(𝑑𝑗 , 𝑑𝑗 ) 

Unlike the evaluation metrics for traditional machine learning tasks, 
such as accuracy for classification and mean square error for regres-
sion, metrics for label distribution learning are aimed at describing 
the relationship between two probability distributions. Widely-used 
metrics [9], which are divided into two types, are listed in Table  1.

The first type is distance metrics. For this kind of metric, the larger 
the number, the greater the distance between the two distributions, 
and the less accurate the prediction result will be. The Chebyshev 
distance describes the maximum difference in all dimensions between 
two distributions, capturing the most extreme errors in the prediction. 
The Clark distance and Canberra distance are the weighted forms of 
the Euclidean distance and the Manhattan distance, respectively. Under 
the condition where the differences in a certain dimension are the 
same, they are more sensitive to the smaller values. The KL divergence 
measures the information loss that occurs when approximating one 
distribution with another. It should be noted that it is not symmetric.

The second type is similarity metrics, and it is easy to understand 
that the larger the number, the better the result. Cosine similarity 
describes the consistency of the directions of two vectors in a multi-
dimensional space. It does not consider the magnitude of the values 
in each dimension, but only focuses on whether the trends of the 
vectors are similar. The Intersection similarity describes the area of 
overlap between two distributions. Contrary to cosine similarity, it 
mainly focuses on the magnitude of the values in each dimension and is 
used to reflect the degree of consistency between the two distributions 
in terms of numerical values.

3. The proposed method

3.1. Feature enhancement exploiting label correlation

This mechanism is specifically designed to enable DF to take advan-
tage of the inherent correlations among the labels, thereby facilitating 
better performance in label distribution learning. Given the DF’s power-
ful ability to extract and utilize new features layer by layer, we leverage 
the correlations among labels to enhance the features at each layer. 
This mechanism can be divided into two stages: the learning stage 
and the enhancement stage. The detailed pseudo-code of the feature 
enhancement algorithm is presented in Algorithm 1.

During the learning phase, it can be divided into three steps. The 
first step is to extract the relevance. We calculate the Pearson correla-
tion matrix of the label matrix to obtain the correlation relationships 
between the labels. The value in the 𝑖th row and 𝑗th column of the 
correlation matrix, which represents the correlation coefficient between 
the 𝑖th label and the 𝑗th one, is calculated according to Eq. (1). 𝑁 is 
the total number of samples, 𝑑𝑖𝑠 is the description degree of the 𝑖th 
label for the 𝑠th sample, and 𝑑𝑖 is the mean description degree for 
the 𝑖th label over all samples. The resulting matrix 𝑪 ∈ R𝑐×𝑐 , where 
𝑐 is the number of classes, serves as an explicit representation of the 
global label correlations. This matrix is like a social network diagram, 
3 
revealing positive or negative correlations between those labels with 
positive or negative numbers ranging from −1 to 1. 

𝑟𝑖𝑗 =
∑𝑁

𝑠=1(𝑑
𝑖
𝑠 − 𝑑𝑖)(𝑑𝑗𝑠 − 𝑑𝑗 )

√

∑𝑁
𝑠=1(𝑑𝑖𝑠 − 𝑑𝑖)2

∑𝑁
𝑠=1(𝑑

𝑗
𝑠 − 𝑑𝑗 )2

(1)

The second step is to extract the patterns. The information in the 
correlation matrix is vast and may be redundant. We use principal 
component analysis (PCA) to extract 𝑘 of the most representative 
relationship patterns from it. These patterns constitute the matrix 𝑽 , 
which consists of 𝑘 eigenvectors as shown in Eq. (2). Each pattern 
vector is the same dimensions as the label distribution of each sample, 
corresponding to one dimension of the enhanced feature later. 
𝑽 = PCA(𝑪 , 𝑘) = [𝒗1, 𝒗2,… , 𝒗𝑘] (2)

The third step is to calculate the target relationship values and train 
the feature enhancers. For the 𝑗th relationship pattern vector 𝒗𝑗 , we 
perform a dot product between the global label matrix 𝑫 and 𝒗𝑗 to 
obtain the target vector 𝒔𝑗 , as shown in Eq. (3), where 𝑫 ∈ R𝑁×𝑐 is the 
label matrix of all training samples. The resulting vector 𝒔𝑗 ∈ R𝑁×1

represents the degree of similarity between all samples and the 𝑗th 
relationship pattern. Subsequently, we train the 𝑗th feature enhancer 
to learn the mapping from the input features 𝑿 to this target vector 𝒔𝑗 . 

𝒔𝑗 = 𝑫𝒗𝑗 , 𝑗 ∈ {1,… , 𝑘} (3)

During the subsequent enhancement stage, we utilize all 𝑘 feature 
enhancers to generate k-dimensional enhanced features for each sam-
ple. These enhanced features are then concatenated with the original 
features to ultimately obtain the final feature vector used for learning.

Algorithm 1 Feature enhancement exploiting label correlation
Input: Feature matrix 𝑿 ∈ R𝑁×𝐷; Label matrix 𝑫 ∈ R𝑁×𝑐 ; Number of 

relational features to generate 𝑘.
Output: A set of trained enhancers  = {𝑒1,… , 𝑒𝑘}; Enhanced relational 

feature matrix 𝑬 ∈ R𝑁×𝑘. 
1: procedure Fit(𝑿,𝑫, 𝑘) // Learning Phase
// Compute label correlation matrix according to Eq. (1)

2:  𝑪 ← CalculateCorrelationMatrix(𝑫)
3:  𝑽 ← PCA(𝑪 , 𝑘) // Extract 𝑘 relationship vectors according to Eq. (2)
4:   ← ∅ // Initialize empty enhancer set
5:  for 𝑗 = 1 to 𝑘 do
6:  𝒔𝑗 ← 𝑫𝒗𝑗 // Ideal scores calculated according to Eq. (3);
7:  𝑒𝑗 ← RandomForestRegressor(𝑿, 𝒔𝑗 );  ←  ∪ {𝑒𝑗}
8:  end for
9:  return 
10: end procedure

11: procedure Transform(𝑋, ) // Enhancement Phase
12:  𝑘 ← ||; 𝑬 ← 𝟎𝑁×𝑘

13:  for 𝑗 = 1 to 𝑘 do
14:  𝒔̂𝑗 ← 𝑒𝑗 .predict(𝑿)
15:  SetColumn(𝑬, 𝑗, 𝒔̂𝑗 ) // Set the j-th column
16:  end for
17:  return 𝑬
18: end procedure

Let us consider the movie classification task mentioned earlier. 
Assume that the label set  = {action, comedy, romance,horror, science
fiction}. We first calculate the correlation matrix. Obviously, action and 
horror are likely to be positively correlated, while comedy and horror 
are likely to be negatively correlated. Through principal component 
analysis, we may obtain two distinct relationship patterns. The first 
relationship pattern represents the meaning of ‘‘blockbuster’’; in this 
pattern, the values of action and science fiction are relatively large. 
The second relationship pattern represents the meaning of ‘‘youth’’; 
in this pattern, the value of romance is relatively large. Subsequently, 
for each relationship pattern, we calculate the similarity between the 
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label distribution of all samples and the target relationship pattern, 
and then learn an enhancer to map from the original feature vector to 
the relationship pattern values, which is used to enhance the original 
features.

DF can extract new feature vectors to perform in-model feature 
transform layer by layer. In this mechanism, new features are enhanced 
at each layer, which is perfectly adaptive to the layer-by-layer feature 
transformation process in DF. This is a key factor for the success of this 
mechanism. It should be noted that the reason for training the feature 
enhancer instead of directly using the calculated relationship values as 
new features is that during generalization, the true label distribution of 
the samples is invisible.

3.2. Measure-aware feature reuse

Measure-aware feature reuse [35] is a mechanism that ensures 
the quality of features extracted by the cascade structure of DF and 
promotes the stability of layer-by-layer training. ERDF not only extracts 
new features like standard DF, but also enhances the features through 
the enhancers layer by layer. This results in more new features at each 
layer, which leads to a greater need for the feature reuse mechanism to 
ensure the stability of training and to perform reuse operations for new 
features of low quality. This is achieved by identifying samples with 
degraded performance at the current layer and replacing their newly 
generated features with the more reliable features obtained from the 
preceding layer.

After the training on the 𝑙th layer is completed (𝑙 > 1), we will 
obtain the validation result matrix 𝑯 𝑙 for all samples. 𝑯 𝑙 is viewed 
as the first part of the new features, and we will concatenate it with 
the original feature, just as DF does. Then, ERDF will use the feature 
enhancement mechanism described in Section 3.1 to enhance the com-
bined features, obtaining the second part of the new features 𝑬𝑙. By 
concatenating 𝑯 𝑙 and 𝑬𝑙 according to Eq. (4), we get all the new fea-
tures 𝑭 (𝑙)

𝑛𝑒𝑤 for this layer. At this time, we cannot guarantee that all the 
features in 𝑭 (𝑙)

𝑛𝑒𝑤 are of high quality and beneficial for the subsequent 
training. If we directly pass it to the subsequent layers, it may cause 
instability in the training process. The noise in the new features will 
gradually expand as the layer deepens, causing a disastrous impact on 
the training. 
𝐅(𝑙)
new = [𝐇𝑙 ,𝐄𝑙] (4)

The measure-aware feature reuse mechanism comes into play in 
this scenario. First, based on actual requirements, we can select a 
measurement metric . By comparing the prediction results of the 
current layer (𝑯 𝑙), with those of the previous layer (𝑯 𝑙−1), we can 
quickly identify the sample set 𝑆 that has deteriorated in performance 
on metric  after the training of the 𝑙th layer. Subsequently, using a 
certain threshold 𝜏 as the boundary, we determine the specific subset 
of samples 𝑆𝑟 ⊂ 𝑆 requiring to be reused, as formulated in Eq. (5): 

𝑆𝑟 =
{

𝑠 ∈ {1,… , 𝑁} |

|

|

I(𝑚𝑙,𝑠 > 𝑚𝑙−1,𝑠) ⋅ I(𝑚𝑙,𝑠 > 𝜏) = 1
}

(5)

where I(⋅) is the indicator function whose value is 1 when the ex-
pression is true. 𝑚𝑙,𝑠 = (𝒅𝑠,𝒉𝑙,𝑠) denotes the calculated metric value 
obtained by comparing the validation prediction 𝐡𝑙,𝑠 of the 𝑠th sample 
at layer 𝑙 with its corresponding ground-truth label distribution 𝒅𝑠. It 
is worth noting that the inequalities in Eq. (5) assume that  is a 
distance metric (e.g., KL divergence) where a lower value indicates 
better performance. If a similarity metric (e.g., cosine similarity) is 
used, where a higher value is better, the direction of these inequalities 
should be reversed.

ERDF then applies the reuse operation for the new features of sam-
ples in 𝑆𝑟, which are obtained through this layer’s training. Concretely, 
ERDF replaces the rows of 𝑭 (𝑙)

𝑛𝑒𝑤 which represent the samples in 𝑆𝑟, 
with the corresponding rows in matrix 𝑮𝑙−1 which are the final new 
features of these samples in the previous layer. Now, new features in 
4 
𝑭 (𝑙)
𝑛𝑒𝑤 are more reliable, and we record the newly obtained matrix as 𝑮𝑙, 

which represents the final new features of all samples after this layer’s 
training. Then, we concatenate 𝑮𝑙 with the original features and pass 
it to the next layer for training.

As for the selection of the threshold 𝜏, we simply use the mean 
score of all the samples in 𝑆 which is calculated on  as the boundary 
for elimination. We opt for partial rather than complete elimination 
because the latter is an overly greedy approach, assuming current 
status guarantees the best. In practice, a deterioration in a specific 
metric does not always imply failure. Novel feature perspectives may 
induce temporary fluctuations which is sometimes a normal part of the 
learning dynamics.

3.3. The framework

The overall framework of ERDF is shown in Fig.  2. It mainly adds a 
feature enhancement module (described in Section 3.1) and a feature 
reuse module (described in Section 3.2) on the basis of traditional DF.

Before starting training, an initial feature enhancement is con-
ducted, and the obtained enhancer 0 is stored. Then, the feature vector 
is input into the cascaded forest for training. Each layer contains two 
types of forests, random forest (RF) and extremely random forest (ERF), 
to ensure diversity.

After the training of the 𝑙th layer, the validation prediction result 
𝑯 𝑙 of all samples is given as the first part of the new feature, and it is 
also used to evaluate the current layer’s training performance. Then 
𝑯 𝑙 is concatenated with the original feature, input into the feature 
enhancement module for enhancement. The second part of the new 
feature 𝑬𝑙 and the current layer’s enhancers 𝑙 are obtained. The two 
parts of the new features are concatenated to form 𝑭 (𝑙)

𝑛𝑒𝑤, which is input 
into the feature reuse module for reuse. After the reuse operation is 
finished, we can get this layer’s final new feature matrix 𝑮𝑙 and the 
elimination threshold 𝜏𝑙 of this layer.

Note that the feature reuse module of the first layer cannot perform 
a reuse operation due to the lack of former information, and will 
directly record 𝐹 (0)

𝑛𝑒𝑤 as the final new feature matrix 𝑮0 for subsequent 
use. 𝑮𝑙 will be concatenated with the original feature, passed to the 
next layer for training, and also passed to the feature reuse module of 
the next layer for judgment on whether the performance has declined. 
The number of layers of the cascaded forest is self-adapting. Training 
will stop automatically when there is no significant improvement in 
performance. It should be noted that we place the feature reuse mecha-
nism after the feature enhancement mechanism. This fixed order cannot 
be changed. If reuse is performed before enhancement, only the first 
part of the new features 𝑯 𝑙 will be reused, and it cannot ensure that 
the quality of the second part of the new features 𝑬𝑖 remains stable.

For unseen samples, the initialization enhancement is first per-
formed with 0, and then input into the cascade for prediction. Similar 
to the training process, after obtaining the validation prediction result 
𝑯 𝑙 of the 𝑙th layer, it will be processed by two modules. The difference 
is that in the feature enhancement module, the trained enhancer is 
directly used for enhancement, and in the feature reuse module, the 
threshold stored during the training stage is directly used to screen 
the reused samples. When the layer with the highest validation perfor-
mance during the training process gives the prediction, the transmission 
is terminated, and it is viewed as the final prediction.

4. Experiments

In this section, we conduct experiments on our ERDF algorithm on 
multiple public LDL datasets to validate its performance. We compare 
it with several commonly used LDL algorithms and demonstrate the 
superiority of ERDF. We also conduct ablation experiments on the two 
mechanisms of ERDF to demonstrate their necessity.
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Fig. 2. This figure clearly presents the overall framework of ERDF. Each layer is composed of RF and ERF. After the training of the 𝑙th layer, the first part of 
the new features 𝑯 𝑙 is obtained. These new features are composed of the validation prediction results of all forests in this layer. Then, the feature enhancement 
mechanism is conducted to obtain the second part of the new features 𝑬𝑙. These two parts are concatenated to form 𝑭 (𝑙)

𝑛𝑒𝑤, which is input into the feature reuse 
module. After reuse according to 𝑮𝑙−1, the final new features 𝑮𝑙 of this layer are obtained and concatenated with the original features before being passed to the 
next layer.
Table 2
Information about the five datasets we used in our experiments.
 Dataset Samples Features Classes 
 Movie 7755 1869 5  
 Natural_Scene 2000 294 9  
 SBU_3DFE 2500 243 6  
 emotion6 1980 168 7  
 SCUT_FBP 1500 300 5  

4.1. Dataset and configuration

Benchmark and ablation experiments are conducted on five com-
monly used public datasets. Table  2 shows the detailed information 
with sample sizes ranging from 1500 to 7755, feature numbers ranging 
from 168 to 1869, and the number of classes (i.e., the dimension 
of label distribution) ranging from 5 to 9. In the experiments, we 
randomly divide the datasets into training sets and test sets in the ratio 
of 8:2. To reduce the randomness of the experiments, for each dataset, 
we split the samples using three different random seeds, and finally 
take the mean and standard deviation of the results as the final reported 
result.

We use the six metrics shown in Table  1 to conduct a comprehensive 
evaluation of the model from both the distance and similarity perspec-
tives. We compare ERDF with four commonly used LDL algorithms. 
They are AA-KNN [9], StructRF [37], LDL-SCL [38], and RG4LDL [39] 
respectively. AA-KNN predicts the label distribution of a new sample 
by finding its 𝑘 nearest neighbors in the feature space and averaging 
their label distributions. StructRF extends the traditional random forest 
framework to the LDL task. It treats the label distribution of each sam-
ple as a whole, enabling the model to directly predict the complete label 
distribution at the leaf nodes instead of making separate predictions for 
each dimension. LDL-SCL is an advanced algorithm that utilizes sub-
space clustering to leverage label correlations. It first clusters instances 
based on their labels and then enhances the original features with a 
local correlation vector representing the influence of these clusters. 
RG4LDL employs a restricted Boltzmann machine (RBM) to extract low-
dimensional latent representations from high-dimensional features, and 
then uses the BFGS algorithm for supervised optimization to predict the 
final label distributions.

Hyperparameters of ERDF are set as follows. We use a decision tree 
similar to StructTree [37] as the base learner which considers the label 
distribution of each sample as a whole. For each unseen sample that 
falls under a certain leaf node, the mean of the label distributions of 
all samples at that leaf node is taken as the final prediction result. The 
difference is that we use the KL divergence as the splitting criterion. 
The maximum depth of each tree is set to 10, and the minimum sample 
number of leaf nodes is set to 2. Each forest contains 100 decision 
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trees, and each layer of the cascade forest consists of two random 
forests and two completely random forests. The maximum number of 
layers in the cascade forest is 10, and the early stopping tolerance is 
set to 1, which means that the training will be terminated in advance 
if there is no performance improvement for two consecutive layers 
before reaching the maximum number of layers. In the feature reuse 
mechanism, we use the KL divergence for performance measurement. 
In the feature enhancement mechanism, 𝑘 is set to 5, which means 
extracting five relationship patterns from the relationship matrix to 
generate 5-dimensional enhanced features for each instance.

The parameters of the comparison algorithms are listed as follows: 
in AA-KNN, 𝑘 is set to 5, and the Minkowski distance metric is used to 
find the 𝑘 nearest neighbor of an instance. In StructRF, the number of 
trees and the maximum depth are 100 and 10, respectively, which are 
consistent with our ERDF. In LDL-SCL, for each dataset, 𝜆1, 𝜆2, and 𝜆3
are tuned from {10−1, 10−2, 10−3}, and the number of clusters 𝑐 is tuned 
in the set {5, 10}. In RG4LDL, the number of hidden units is selected 
from {10, 20, 50, 100, 200, 500, 800}, the maximum number of iterations 
is 10, and the learning rate is tuned from {10−2, 10−3}.

4.2. Benchmark experiment

As shown in Table  3, our proposed ERDF achieves state-of-the-
art performance with a top average rank of 1.20. The foundational 
LDL algorithm, AA-KNN, which does not explicitly model label cor-
relations, ranks the lowest. This outcome empirically validates the 
central premise that leveraging label correlations is critical for success 
in LDL tasks. StructRF performs competitively (average rank 2.27) 
by implicitly capturing correlations among labels. Its efficacy can be 
attributed to the non-linear modeling power of tree-based ensembles. 
Nevertheless, its performance is surpassed by ERDF, which benefits 
from a more potent and explicit mechanism for exploiting label cor-
relations within a more powerful ensemble architecture. An insightful 
comparison can be drawn with LDL-SCL. Similar to ERDF, it explicitly 
enhances features using label correlations. However, LDL-SCL exhibits 
high sensitivity to its hyperparameters, requiring dataset-specific tun-
ing to reach its optimal performance. As a new proposed method based 
on neural networks in recent years, RG4LDL performs similarly to LDL-
SCL. Although it is found in experiments that sometimes it is not very 
sensitive to hyperparameters, a certain degree of parameter tuning 
is still necessary to achieve optimal performance. In contrast, ERDF 
demonstrates remarkable robustness, achieving superior results with a 
consistent set of hyperparameters across all datasets, which highlights 
the stability and practical advantages of our proposed architecture.
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Table 3
This table presents the results of ERDF and four common LDL algorithms on five datasets. All results are reported as mean ±
standard deviation over three random splits. The arrow beside the metric indicates the direction for better performance. The 
optimal value of each row is displayed in bold. We use ∙ (or ◦) to indicate that ERDF is significantly better (or worse) than the 
corresponding method.
 Dataset Metric AA-KNN StructRF LDL-SCL RG4LDL ERDF(ours)

 

Movie

KL div ↓ 0.1133 ± 0.0010 ∙ 0.0926 ± 0.0025 ∙ 0.1024 ± 0.0024 ∙ 0.1024 ± 0.0015 ∙ 0.0600 ± 0.0014 
 Chebyshev ↓ 0.1227 ± 0.0004 ∙ 0.1108 ± 0.0010 ∙ 0.1189 ± 0.0014 ∙ 0.1170 ± 0.0008 ∙ 0.0939 ± 0.0011 
 Clark ↓ 0.5463 ± 0.0037 ∙ 0.5035 ± 0.0039 ∙ 0.5309 ± 0.0105 ∙ 0.5289 ± 0.0073 ∙ 0.4289 ± 0.0070 
 Canberra ↓ 1.0462 ± 0.0050 ∙ 0.9597 ± 0.0069 ∙ 1.0143 ± 0.0170 ∙ 1.0152 ± 0.0126 ∙ 0.8026 ± 0.0118 
 Cosine ↑ 0.9251 ± 0.0006 ∙ 0.9391 ± 0.0017 ∙ 0.9321 ± 0.0011 ∙ 0.9326 ± 0.0006 ∙ 0.9604 ± 0.0006 
 Intersection ↑ 0.8246 ± 0.0004 ∙ 0.8424 ± 0.0015 ∙ 0.8317 ± 0.0020 ∙ 0.8317 ± 0.0014 ∙ 0.8715 ± 0.0013 
 

Natural

KL div ↓ 1.0357 ± 0.0575 ∙ 0.6689 ± 0.0295 ∙ 0.8283 ± 0.0118 ∙ 0.7634 ± 0.0143 ∙ 0.5216 ± 0.0155 
 Chebyshev ↓ 0.3134 ± 0.0100 ∙ 0.2794 ± 0.0172 ∙ 0.3329 ± 0.0083 ∙ 0.3106 ± 0.0138 ∙ 0.2221 ± 0.0049 
 Clark ↓ 1.9085 ± 0.0214 ◦ 2.3465 ± 0.0175 2.4682 ± 0.0116 ∙ 2.4124 ± 0.0449 2.3595 ± 0.0209  
 Canberra ↓ 4.5686 ± 0.0701 ◦ 6.2559 ± 0.0761 ◦ 6.7833 ± 0.0468 ∙ 6.6179 ± 0.1570 ∙ 6.3066 ± 0.0777  
 Cosine ↑ 0.7150 ± 0.0022 ∙ 0.7820 ± 0.0089 ∙ 0.7284 ± 0.0036 ∙ 0.7401 ± 0.0054 ∙ 0.8343 ± 0.0040 
 Intersection ↑ 0.5621 ± 0.0058 ∙ 0.5927 ± 0.0151 ∙ 0.4994 ± 0.0047 ∙ 0.5646 ± 0.0209 ∙ 0.6704 ± 0.0062 
 

SBU

KL div ↓ 0.0802 ± 0.0011 ∙ 0.0573 ± 0.0004 ∙ 0.0634 ± 0.0005 ∙ 0.0679 ± 0.0004 ∙ 0.0414 ± 0.0005 
 Chebyshev ↓ 0.1273 ± 0.0022 ∙ 0.1104 ± 0.0013 ∙ 0.1199 ± 0.0015 ∙ 0.1199 ± 0.0018 ∙ 0.0865 ± 0.0013 
 Clark ↓ 0.4012 ± 0.0017 ∙ 0.3444 ± 0.0009 ∙ 0.3695 ± 0.0017 ∙ 0.3793 ± 0.0015 ∙ 0.2746 ± 0.0020 
 Canberra ↓ 0.8309 ± 0.0039 ∙ 0.7276 ± 0.0060 ∙ 0.7960 ± 0.0043 ∙ 0.7997 ± 0.0050 ∙ 0.5772 ± 0.0044 
 Cosine ↑ 0.9219 ± 0.0011 ∙ 0.9432 ± 0.0006 ∙ 0.9376 ± 0.0006 ∙ 0.9337 ± 0.0008 ∙ 0.9587 ± 0.0006 
 Intersection ↑ 0.8487 ± 0.0010 ∙ 0.8691 ± 0.0007 ∙ 0.8575 ± 0.0007 ∙ 0.8562 ± 0.0010 ∙ 0.8968 ± 0.0007 
 

SCUT

KL div ↓ 0.5241 ± 0.0049 ∙ 0.3337 ± 0.0094 ∙ 0.5647 ± 0.0056 ∙ 0.3707 ± 0.0164 ∙ 0.2949 ± 0.0134 
 Chebyshev ↓ 0.2537 ± 0.0035 ∙ 0.2303 ± 0.0024 ∙ 0.3418 ± 0.0073 ∙ 0.2520 ± 0.0042 ∙ 0.2092 ± 0.0049 
 Clark ↓ 1.3043 ± 0.0116 ◦ 1.3675 ± 0.0032 ∙ 1.4561 ± 0.0050 ∙ 1.3781 ± 0.0034 ∙ 1.3523 ± 0.0027  
 Canberra ↓ 2.3985 ± 0.0411 2.5220 ± 0.0037 ∙ 2.8076 ± 0.0234 ∙ 2.5591 ± 0.0140 ∙ 2.4651 ± 0.0122  
 Cosine ↑ 0.8294 ± 0.0045 ∙ 0.8624 ± 0.0045 ∙ 0.7598 ± 0.0053 ∙ 0.8433 ± 0.0056 ∙ 0.8782 ± 0.0063 
 Intersection ↑ 0.6942 ± 0.0058 ∙ 0.7210 ± 0.0025 ∙ 0.5750 ± 0.0064 ∙ 0.6959 ± 0.0049 ∙ 0.7552 ± 0.0054 
 

emotion6

KL div ↓ 0.9038 ± 0.0264 ∙ 0.5893 ± 0.0093 ∙ 0.5862 ± 0.0230 ∙ 0.5989 ± 0.0254 ∙ 0.5111 ± 0.0252 
 Chebyshev ↓ 0.3326 ± 0.0113 ∙ 0.3137 ± 0.0051 ∙ 0.3108 ± 0.0090 ∙ 0.3206 ± 0.0093 ∙ 0.2869 ± 0.0056 
 Clark ↓ 1.7087 ± 0.0146 ∙ 1.6569 ± 0.0210 ∙ 1.6503 ± 0.0221 1.6529 ± 0.0219 ∙ 1.6495 ± 0.0230 
 Canberra ↓ 3.8728 ± 0.0475 ∙ 3.7285 ± 0.0502 3.7000 ± 0.0510 3.7203 ± 0.0535 3.6858 ± 0.0684 
 Cosine ↑ 0.6561 ± 0.0120 ∙ 0.7125 ± 0.0026 ∙ 0.7152 ± 0.0079 ∙ 0.7072 ± 0.0106 ∙ 0.7496 ± 0.0078 
 Intersection ↑ 0.5534 ± 0.0079 ∙ 0.5793 ± 0.0042 ∙ 0.5833 ± 0.0072 ∙ 0.5735 ± 0.0101 ∙ 0.6238 ± 0.0089 
 Avg. Rank 4.27 2.33 3.67 3.53 1.20
4.3. Ablation study

To deeply investigate the internal working mechanism of our pro-
posed method, we conduct extensive ablation studies to evaluate the 
distinct contributions of the two core components of ERDF. Specifically, 
we compare the full ERDF model with (i) ERDF without the feature 
enhancement module (w/o fe), (ii) ERDF without the feature reuse 
module (w/o fr), and (iii) the original DF without either module (w/o 
fe & fr). The results are summarized in Table  4. Across all datasets 
and most evaluation metrics, the full ERDF consistently achieves the 
best performance, demonstrating the complementary benefits of the 
two modules. Relative to w/o fe & fr, w/o fe yields noticeable improve-
ments, with average ranks of 2.12. However, its performance ceiling is 
limited due to the failure to exploit inter-label correlations explicitly. 
In stark contrast, w/o fr exhibits significant instability. Although it 
outperforms the baseline from the overall ranking perspective (average 
rank 3.27), on certain datasets such as SBU, its performance even drops 
below that of the baseline w/o fe & fr. This degradation is attributed 
to the uncontrolled diffusion of noise within the newly generated 
features, which leads to severe overfitting. This critical phenomenon 
will be further analyzed in the subsequent subsection. Nevertheless, 
the superior performance of the full ERDF model vindicates the critical 
value of the feature enhancement mechanism. It demonstrates that to 
fully unlock the potential of label correlations without suffering from 
noise, feature enhancement must be inextricably coupled with feature 
reuse. Through ablation study it can be seen that the dual-mechanism 
strategy proposed in this paper offers a robust paradigm for leveraging 
label correlations within deep forest framework.

4.4. Layer-wise dynamics and mechanism analysis

While the foregoing ablation study quantitatively confirms the com-
plementary nature of the dual-mechanism design, in this section, we 
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leverage a series of visualization experiments on representative datasets 
to deeply investigate the intrinsic relationship between the two mecha-
nisms proposed in ERDF and the cascade structure of DF. This analysis 
explicitly elucidates the distinct roles and dynamic evolution of these 
mechanisms throughout the layer-wise structure.
Interplay between feature enhancement and layer structure. To investi-
gate the dynamic evolution of the feature enhancement mechanism 
throughout the cascading process, we conduct a joint analysis combin-
ing inter-layer enhanced feature correlation heatmaps (Figs.  3(a) and 
3(c)) and enhanced feature error radar charts (Figs.  3(b) and 3(d)). 
It is crucial to clarify first that, since the label distribution of the 
training samples is fixed, the 𝑘 ideal values of 𝑘 latent relationship 
patterns (i.e., the regression targets for the enhancers) extracted via 
PCA on the label matrix and then calculated by dot product remain 
invariant across all layers. It is also the reason why the correlation 
coefficients of the enhanced features between layers are universally 
high, consistently exceeding 0.8. As the layer depth increases, it is not 
the regression targets that evolve, but rather the feature representations 
input into the enhancers. Each layer of DF extracts new features with 
enhanced discriminability. These are concatenated with the original 
features to serve as input for the enhancer. This facilitates the learning 
of an optimal mapping from the feature space to the latent label space, 
allowing the generated enhanced features to progressively approximate 
the ideal scores layer by layer.

Experimental results clearly reveal that feature enhancement acts 
as two distinct roles during the evolutionary process, contingent upon 
the specific dataset characteristics. (1) Structural Reconstruction and 
Directional Adjustment. Taking the Movie dataset as an instance, Fig. 
3(a) shows that the correlation coefficient between Layer 0 and Layer 
9 is only 0.821. This relatively lower inter-layer correlation implies 
that the model has undergone significant adjustments to the internal 
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Table 4
This table presents the results of the ablation experiments. All results are reported as mean ± standard deviation over three 
random splits. The arrow beside the metric indicates the direction for better performance. The optimal value of each row is 
displayed in bold. We use ∙ (or ◦) to indicate that ERDF is significantly better (or worse) than the corresponding method.
 Dataset Metric w/o fe & fr w/o fe w/o fr ERDF (ours)
 

Movie

KL div ↓ 0.0921 ± 0.0018 ∙ 0.0698 ± 0.0011 ∙ 0.0898 ± 0.0034 ∙ 0.0600 ± 0.0014 
 Chebyshev ↓ 0.1120 ± 0.0010 ∙ 0.1018 ± 0.0007 ∙ 0.1082 ± 0.0020 ∙ 0.0939 ± 0.0011 
 Clark ↓ 0.5129 ± 0.0070 ∙ 0.4640 ± 0.0053 ∙ 0.4917 ± 0.0074 ∙ 0.4289 ± 0.0070 
 Canberra ↓ 0.9745 ± 0.0111 ∙ 0.8712 ± 0.0090 ∙ 0.9378 ± 0.0144 ∙ 0.8026 ± 0.0118 
 Cosine ↑ 0.9395 ± 0.0009 ∙ 0.9537 ± 0.0002 ∙ 0.9408 ± 0.0024 ∙ 0.9604 ± 0.0006 
 Intersection ↑ 0.8406 ± 0.0011 ∙ 0.8594 ± 0.0006 ∙ 0.8462 ± 0.0030 ∙ 0.8715 ± 0.0013 
 

Natural

KL div ↓ 0.5912 ± 0.0139 ∙ 0.5617 ± 0.0139 ∙ 0.5866 ± 0.0150 ∙ 0.5216 ± 0.0155 
 Chebyshev ↓ 0.2535 ± 0.0079 ∙ 0.2436 ± 0.0074 ∙ 0.2365 ± 0.0040 ∙ 0.2221 ± 0.0049 
 Clark ↓ 2.4071 ± 0.0143 ∙ 2.4000 ± 0.0169 ∙ 2.3696 ± 0.0161 2.3595 ± 0.0209 
 Canberra ↓ 6.4948 ± 0.0622 ∙ 6.4612 ± 0.0705 ∙ 6.3594 ± 0.0587 6.3066 ± 0.0777 
 Cosine ↑ 0.8139 ± 0.0036 ∙ 0.8247 ± 0.0038 ∙ 0.8139 ± 0.0044 ∙ 0.8343 ± 0.0040 
 Intersection ↑ 0.6194 ± 0.0074 ∙ 0.6332 ± 0.0073 ∙ 0.6561 ± 0.0053 ∙ 0.6704 ± 0.0062 
 

SBU

KL div ↓ 0.0546 ± 0.0000 ∙ 0.0477 ± 0.0004 ∙ 0.0581 ± 0.0014 ∙ 0.0414 ± 0.0005 
 Chebyshev ↓ 0.1083 ± 0.0013 ∙ 0.1008 ± 0.0014 ∙ 0.1019 ± 0.0004 ∙ 0.0865 ± 0.0013 
 Clark ↓ 0.3343 ± 0.0004 ∙ 0.3123 ± 0.0002 ∙ 0.3138 ± 0.0007 ∙ 0.2746 ± 0.0020 
 Canberra ↓ 0.7149 ± 0.0021 ∙ 0.6665 ± 0.0019 ∙ 0.6482 ± 0.0026 ∙ 0.5772 ± 0.0044 
 Cosine ↑ 0.9459 ± 0.0001 ∙ 0.9525 ± 0.0005 ∙ 0.9414 ± 0.0013 ∙ 0.9587 ± 0.0006 
 Intersection ↑ 0.8719 ± 0.0001 ∙ 0.8807 ± 0.0003 ∙ 0.8810 ± 0.0002 ∙ 0.8968 ± 0.0007 
 

SCUT

KL div ↓ 0.3474 ± 0.0141 ∙ 0.3349 ± 0.0141 ∙ 0.4350 ± 0.0321 ∙ 0.2949 ± 0.0134 
 Chebyshev ↓ 0.2401 ± 0.0048 ∙ 0.2382 ± 0.0044 ∙ 0.2455 ± 0.0098 ∙ 0.2092 ± 0.0049 
 Clark ↓ 1.3681 ± 0.0034 ∙ 1.3639 ± 0.0040 1.4051 ± 0.0128 ∙ 1.3523 ± 0.0027 
 Canberra ↓ 2.5261 ± 0.0123 ∙ 2.5128 ± 0.0136 2.6361 ± 0.0446 ∙ 2.4651 ± 0.0122 
 Cosine ↑ 0.8548 ± 0.0064 ∙ 0.8590 ± 0.0063 ∙ 0.8263 ± 0.0140 ∙ 0.8782 ± 0.0063 
 Intersection ↑ 0.7095 ± 0.0051 ∙ 0.7135 ± 0.0048 ∙ 0.7065 ± 0.0122 ∙ 0.7552 ± 0.0054 
 

emotion6

KL div ↓ 0.5700 ± 0.0205 ∙ 0.5338 ± 0.0173 0.7410 ± 0.0335 ∙ 0.5111 ± 0.0252 
 Chebyshev ↓ 0.3121 ± 0.0074 ∙ 0.3011 ± 0.0065 ∙ 0.3355 ± 0.0029 ∙ 0.2869 ± 0.0056 
 Clark ↓ 1.6457 ± 0.0234 ◦ 1.6439 ± 0.0237 1.7267 ± 0.0226 ∙ 1.6495 ± 0.0230  
 Canberra ↓ 3.6912 ± 0.0552 3.6754 ± 0.0524 3.9466 ± 0.0586 ∙ 3.6858 ± 0.0684  
 Cosine ↑ 0.7234 ± 0.0081 ∙ 0.7418 ± 0.0065 ∙ 0.6560 ± 0.0067 ∙ 0.7496 ± 0.0078 
 Intersection ↑ 0.5840 ± 0.0071 ∙ 0.5996 ± 0.0052 ∙ 0.5615 ± 0.0061 ∙ 0.6238 ± 0.0089 
 Avg. Rank 3.50 2.13 3.27 1.10  
 
(a) Movie-heatmap

  
(b) Movie-radar

 

 
(c) SBU-heatmap

  
(d) SBU-radar

 

Fig. 3. Visualization of the feature enhancement dynamics across layers on Movie and SBU. Figs.  3(a) and 3(c) are heatmaps showing the enhanced feature 
correlation between layers. Figs.  3(b) and 3(d) are radar charts, showing the average error between the predicted values of the enhancers and the ideal values 
in each dimension.
7 
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(a) Movie-training phase

  
(b) Movie-testing phase

 

 
(c) SBU-training phase

  
(d) SBU-testing phase

 

Fig. 4. Comparison of KL divergence trajectory between ERDF (blue) and ERDF w/o fr (green) on dataset Movie and SBU. The left column is the training phase, 
and the right is the testing phase. The red star indicates the optimal layer during the training phase, which is the layer that gives the final prediction in the 
testing phase. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
structure of the enhanced features as depth increased. Combining this 
with the radar chart (Fig.  3(b)), it is evident that while the error de-
creases across all dimensions, this improvement is not significant. This 
suggests that in complex semantic scenarios, the enhancement mecha-
nism primarily acts as an ‘‘Explorer’’, seeking superior representations 
by continuously reconstructing the direction of the feature space. (2) 
Magnitude Calibration and Numerical Refinement. Conversely, on 
the SBU dataset, Fig.  3(c) displays a correlation coefficient of 0.939 be-
tween Layer 0 and Layer 9, demonstrating that the distributional trends 
of the enhanced features maintain high stability across layers. However, 
the radar chart in Fig.  3(d) reveals a remarkable error contraction 
(the red area is significantly smaller than the blue area), with the 
reduction in the most significant dimension (Dim 0) reaching up to fifty 
percent. This phenomenon indicates that the initial layers have already 
captured the correct semantic trends, and the enhancement mechanism 
in subsequent layers primarily functions as a ‘‘Calibrator’’. It focuses 
on fine-grained magnitude correction of feature values, substantially 
reducing prediction error while preserving structural stability.

Consequently, the feature enhancement mechanism is not merely 
a static procedure but rather a dynamic optimization process that 
adaptively performs layer-wise structural reconstruction or numerical 
calibration depending on the specific statistical characteristics of the 
dataset.

Interplay between feature reuse and layer structure. To validate the ro-
bustness of the feature reuse mechanism throughout the cascading 
process, we compared the layer-wise performance evolution of the 
complete ERDF model against its variant without the feature reuse 
mechanism (ERDF w/o fr) on Movie and SBU. As illustrated in Fig.  4, 
we recorded the trajectory of KL divergence during both the training 
and testing phases. In the training phase (Figs.  4(a) and 4(c)), both 
curves exhibit a consistent layer-wise downward trend. This indicates 
that irrespective of the feature reuse mechanism, the cascade architec-
ture of DF possesses potent feature fitting capabilities, enabling it to 
continuously approximate the training data distribution as the number 
of layers increases. However, results from the testing phase (Figs. 
4(b) and 4(d)) reveal a fundamental disparity. ERDF w/o fr achieves 
optimality at the shallow layer, and as the depth further increases, the 
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KL divergence begins to rise rather than decrease. This characteristic 
‘‘U-shape’’ curve indicates that as the cascade depth grows, the model 
begins to overfit the noise inherent in the training data. Specifically, 
due to the feature enhancement mechanism, ERDF introduces higher-
dimensional features at each layer compared to traditional DF, which 
inevitably introduces more potential noise. The noise is amplified layer 
by layer, ultimately compromising the model’s generalization ability. In 
contrast, ERDF maintains a continuous downward and stable trend on 
the testing set, avoiding performance deterioration. This provides com-
pelling evidence that the Feature Reuse mechanism effectively curbs 
the diffusion of noise within the features. Consequently, it mitigates the 
overfitting problem in deep cascade structures, ensuring that the model 
can safely leverage the representational power of deeper structure.

4.5. Efficiency analysis

ERDF introduces two new modules, which inevitably lead to addi-
tional computational costs. We conduct ablation experiments to analyze 
the running time of each module. The experimental results are shown 
in Fig.  5. It is worth emphasizing that directly focusing on the absolute 
time values of the vertical axis is not meaningful. Since we need 
to use a custom decision tree splitting metric, a purely handcrafted 
implementation of the decision tree at the bottom layer is adopted. 
Although its algorithm is consistent with the scikit-learn library, the 
overall running time is relatively long due to not using acceleration 
methods such as Cython. Therefore, the focus of our analysis is on the 
relative time of each ablation variant compared to the baseline DF.

From the figure, a phenomenon worthy of discussion can be ob-
served: whether a single module is introduced alone or both modules 
are combined simultaneously, the total time consumption is basically 
similar, and it is significantly longer than the original DF. The reason 
behind this phenomenon can be traced. In terms of the module itself, 
the additional time complexity introduced by feature reuse and feature 
enhancement is very low. The feature reuse mechanism directly uses 
the already calculated validation prediction results of each layer in 
DF, with almost no additional cost, while the feature enhancement 
mechanism only involves some lightweight statistical matrix calcula-
tions and training several small-scale forest models as enhancers. The 
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(a) time costs during the training phase

  
(b) time costs during the testing phase

 

Fig. 5. Comparison of time costs during the training and testing phases among different ablation variants. The horizontal axis represents the datasets, and the 
vertical axis indicates the execution time in seconds. Each bar corresponds to a specific ablation variant. For each dataset, the time cost of the original DF is set 
as the baseline (1.0x).
Table 5
This table presents the results of the sensitivity experiment on the hyperparameter 𝑘. The column headers indicate the values of 
𝑘, where ‘‘max’’ means that 𝑘 is equal to the number of classes. All results are reported as mean ± standard deviation over three 
random splits. The arrow beside the metric indicates the direction for better performance.
 Dataset Metric 1 3 5 max

 

Natural

KL div ↓ 0.5519 ± 0.0127 0.5271 ± 0.0116 0.5216 ± 0.0155 0.5235 ± 0.0156  
 Chebyshev ↓ 0.2352 ± 0.0066 0.2261 ± 0.0039 0.2221 ± 0.0049 0.2201 ± 0.0073 
 Clark ↓ 2.3871 ± 0.0188 2.3715 ± 0.0173 2.3595 ± 0.0209 2.3427 ± 0.0207 
 Canberra ↓ 6.4163 ± 0.0743 6.3541 ± 0.0640 6.3066 ± 0.0777 6.2353 ± 0.0807 
 Cosine ↑ 0.8258 ± 0.0027 0.8319 ± 0.0024 0.8343 ± 0.0040 0.8347 ± 0.0049 
 Intersection ↑ 0.6445 ± 0.0068 0.6660 ± 0.0034 0.6704 ± 0.0062 0.6772 ± 0.0082 
 

SBU

KL div ↓ 0.0439 ± 0.0007 0.0406 ± 0.0014 0.0414 ± 0.0005 0.0433 ± 0.0013  
 Chebyshev ↓ 0.0889 ± 0.0009 0.0863 ± 0.0016 0.0865 ± 0.0013 0.0880 ± 0.0014  
 Clark ↓ 0.2825 ± 0.0011 0.2754 ± 0.0026 0.2746 ± 0.0020 0.2808 ± 0.0025  
 Canberra ↓ 0.5926 ± 0.0024 0.5781 ± 0.0056 0.5772 ± 0.0044 0.5897 ± 0.0037  
 Cosine ↑ 0.9562 ± 0.0008 0.9593 ± 0.0014 0.9587 ± 0.0006 0.9566 ± 0.0014  
 Intersection ↑ 0.8938 ± 0.0006 0.8965 ± 0.0012 0.8968 ± 0.0007 0.8943 ± 0.0012  
 

emotion6

KL div ↓ 0.4932 ± 0.0205 0.4981 ± 0.0128 0.5111 ± 0.0252 0.5265 ± 0.0244  
 Chebyshev ↓ 0.2840 ± 0.0105 0.2829 ± 0.0031 0.2869 ± 0.0056 0.2896 ± 0.0055  
 Clark ↓ 1.6599 ± 0.0225 1.6514 ± 0.0201 1.6495 ± 0.0230 1.6582 ± 0.0238  
 Canberra ↓ 3.7148 ± 0.0660 3.6900 ± 0.0509 3.6858 ± 0.0684 3.7126 ± 0.0666  
 Cosine ↑ 0.7596 ± 0.0071 0.7552 ± 0.0022 0.7496 ± 0.0078 0.7434 ± 0.0064  
 Intersection ↑ 0.6277 ± 0.0108 0.6283 ± 0.0031 0.6238 ± 0.0089 0.6200 ± 0.0082  
 Avg. Rank 3.44 2.06 1.89 2.61
fundamental reason that actually leads to the extra time consumption is 
that the model is trained to a deeper layer. Specifically, w/o fe improves 
the training stability by eliminating low-quality features, enabling the 
model to robustly progress to deeper layers. w/o fr is prone to over-
fitting due to the lack of feature selection. The validation set fails to 
detect the overfitting phenomenon and trigger early stopping, causing 
the model to iterate deeper. The consequence is the ‘‘U-shaped’’ curve 
shown in Fig.  4, where the training KL curve keeps declining, and the 
test KL curve first declines and then rises.

The complete ERDF integrates the advantages of both modules and 
naturally forms a deeper cascading structure compared to DF. However, 
its overall time cost does not show a cumulative increase. This result 
fully proves that the main computational cost increase of ERDF does 
not stem from the complex calculations of the newly introduced module 
itself, but from the training cost brought by the extra layers.

4.6. Parameter sensitivity analysis

Compared with algorithms based on neural networks, one of the 
major advantages of ERDF is that it does not require a cumbersome 
parameter tuning process. The hyperparameters of the deep forest 
itself are far fewer than those of neural networks, and ERDF only 
introduces a very small number of additional hyperparameters (such 
as the dimension 𝑘 of enhanced features, the evaluation metric  for 
feature reuse). Among them, the parameter that has the most significant 
impact on model performance is undoubtedly 𝑘. Therefore, we conduct 
a parameter sensitivity analysis on 𝑘, and the experimental results 
9 
are shown in Table  5. To ensure that k has a sufficient value range, 
we select three datasets with more than 5 label categories for the 
experiment.

From the experimental results, it can be seen that when 𝑘 takes an 
intermediate value (such as 3 or 5), the overall performance of the al-
gorithm is the most stable, which is in line with our expectations. At the 
same time, extreme values lead to poorer results. If 𝑘 is too small, the 
information contained in the enhanced features is insufficient, making 
it difficult to exert its intended effect; if 𝑘 is too large, it will cause 
the model to overly rely on the relationship patterns, and thus may fit 
the noise in the label matrix. Of course, the intrinsic characteristics of 
different datasets will also lead to different performances. For example, 
on the Natural Scene dataset, when 𝑘 takes the maximum value, the 
results are the best. This is because this dataset consists of natural 
landscape images, and the visual elements represented by the labels 
(such as beach, building, clouds) have very significant and clear co-
occurrence correlations, and the relationship matrix contains less noise. 
Consequently, more feature dimensions can capture richer semantics. 
In contrast, for the SCUT dataset we used in the previous benchmark 
experiments, its labels represent a rating scale (such as Unattractive, 
Average, Attractive, etc.), and the correlation structure between such 
labels is relatively simple. Extracting too many relationship patterns 
does not bring additional benefits.

Overall, in our experiment, setting 𝑘 to 5 as the default value is a 
robust choice that balances performance and stability. In practice, the 
value of 𝑘 can be finely adjusted based on the characteristics of the 
specific dataset for better performance.
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5. Conclusions

In this paper, we investigated the problem of label distribution 
learning and proposed ERDF, a dual-mechanism extension of DF that 
integrates feature enhancement and measure-aware feature reuse. The 
proposed framework jointly leverages label correlations to enrich rep-
resentations while maintaining training stability through adaptive fea-
ture reuse. Extensive experiments across multiple benchmark datasets 
demonstrate that ERDF achieves significant improvements over existing 
methods, validating both the effectiveness of the two mechanisms.

For future work, two directions appear particularly promising. First, 
the feature enhancement mechanism is conceptually general and may 
benefit other tasks that rely on exploiting label dependencies, such as 
multi-label learning. Exploring these extensions could further broaden 
the applicability of our approach. Second, the current feature reuse 
strategy relies on a unified criterion derived from the performance of 
the first component of the enhanced features. Developing more fine-
grained reuse schemes that differentiate among various components of 
the generated features may further improve stability and performance.
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