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Abstract

Pseudo label based semi-supervised learning (SSL) for single-label and multi-
label classification tasks has been extensively studied; however, semi-supervised
label distribution learning (SSLDL) remains a largely unexplored area. Existing
SSL methods fail in SSLDL because the pseudo-labels they generate only ensure
overall similarity to the ground truth but do not preserve the ranking relationships
between true labels, as they rely solely on KL divergence as the loss function
during training. These skewed pseudo-labels lead the model to learn incorrect se-
mantic relationships, resulting in reduced performance accuracy. To address these
issues, we propose a novel SSLDL method called RankMatch. RankMatch fully
considers the ranking relationships between different labels during the training
phase with labeled data to generate higher-quality pseudo-labels. Furthermore,
our key observation is that a flexible utilization of pseudo-labels can enhance
SSLDL performance. Specifically, focusing solely on the ranking relationships
between labels while disregarding their margins helps prevent model overfitting.
Theoretically, we prove that incorporating ranking correlations enhances SSLDL
performance and establish generalization error bounds for RankMatch. Finally,
extensive real-world experiments validate its effectiveness.

1 Introduction

Label Distribution Learning (LDL) 2 [II{], 2] is a machine learning paradigm designed to address
label ambiguity [T, 53]. Unlike Multi-label Learning [B3, BU], which assigns a fixed number of
labels to each instance [89], LDL extends this framework by quantifying the importance of each
label through description degrees [20], thereby providing richer supervision information [19, 2¥].

*Corresponding authors.

2LDL is similar to learning from soft labels, but the soft-label formulation focuses on single-label problems
(i.e., there is only one true label for each instance), while LDL considers multi-label problems (i.e., each
instance can have multiple true labels).
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Figure 1: Illustration of the effectiveness of rank-aware pseudo-labeling. (a) Comparison of Pseudo-
Labels by FixMatch (Dz) and RankMatch (Dg) on a sample from the Twitter-LDL dataset [B1].
Dy fails to preserve the true label ranking (GT), despite a low KL divergence. In contrast, Dp
maintains ranking relationships with higher Kendall tau (7). (b) Performance on RAF-LDL dataset
[24]. Flexible pseudo-label utilization improves performance by focusing on ranking relationships
without strict margin alignment.

Deep learning has demonstrated remarkable success across various domains, primarily due to its
ability to leverage large-scale and accurately labeled datasets [8Y, BY], which are essential for train-
ing deep neural networks (DNNs) with strong generalization. However, obtaining labeled data for
LDL is particularly challenging and costly [BT, P9]. For example, annotating the RAF-LDL dataset
[34] required 315 trained annotators, with each image annotated multiple times to generate appro-
priate label distributions [34, Z’7]. This highlights the significant burden of creating labeled datasets
for LDL. Given these challenges, the importance of semi-supervised LDL becomes evident.

Semi-supervised learning (SSL) [, 9] has made significant progress, particularly in the areas of
single-label [B2, 23] and multi-label learning [89, BY9] based on classical deep learning. However,
Semi-Supervised Label Distribution Learning (SSLDL) remains relatively underexplored. One of
the key techniques in SSL is leveraging trained models to generate pseudo-labels [56, 33] for un-
labeled data, with the most well-known methods being FixMatch [52] and MixMatch [2]. These
methods [62, 23] fail in SSLDL because, during training with labeled data, the model focuses solely
on minimizing the overall similarity between predicted and ground truth label distributions (e.g., us-
ing KL divergence as loss function for training) without learning label ranking correlations, leading
to biased pseudo-labels. As shown in Fig. [(a), for a sample from the Twitter-LDL dataset [61],
FixMatch generates pseudo-labels with a low KL divergence (KL = 0.018) but entirely incorrect
label ranking correlations. This phenomenon is common across other datasets: ignoring the rank-
ing relationships among labels during training produces distorted pseudo-label distributions (PLDs),
and training with these PLDs causes the models performance to degrade. Moreover, we found that
forcing the model to exactly match the pseudo-label distributions during training leads to overfitting.
In contrast, using only the relative ranking among pseudo-labels preserves the underlying structure
more robustly. Experiments on the RAF-LDL dataset (Fig. (b)) demonstrate that imposing only
ranking constraints on pseudo-labelsrather than enforcing strict numeric matchingsignificantly im-
proves model performance.

In this paper, we first propose a pseudo-label-based SSLDL method called RankMatch, incorpo-
rates the ranking correlations between labels into the supervised training process. We introduce a
novel loss function called the Pairwise Ranking Relationship Loss (PRR Loss) to enhance the abil-
ity of pseudo-labels to capture the ranking correlations between labels. Furthermore, we introduce
a flexible pseudo-label training strategy that prioritizes ranking relationships between labels while
disregarding margins, which prevents the model from overfitting to absolute label differences and
enables a more robust utilization of pseudo-labels. In the theoretical aspect, we prove that incorpo-
rating ranking correlations between labels can enhance the performance of SSLDL and provide gen-
eralization error bounds for the RankMatch. Finally, extensive experiments on real-world datasets
validate the effectiveness of our method. Our contributions can be summarized as follows:

* To the best of our knowledge, this is the first deep learning-based SSLDL algorithm uti-
lizing pseudo-labels. Compared to existing SSL methods, our approach generates pseudo-
labels that better align with the label distribution setting. Additionally, we propose a flexible
pseudo-label utilization strategy for SSLDL.



* We theoretically demonstrate that incorporating label ranking correlations enhances model
performance and provide a generalization bound for RankMatch.

» Extensive experiments on multiple datasets validate the effectiveness of RankMatch, con-
sistently outperforming existing SSLDL methods.

2 RELATED WORK

Label Distribution Learning (LDL) [0, 54] assigns a distribution over labels to each instance, es-
tablishing a direct mapping between instances and their label distributions. Originally proposed for
facial age estimation [IZ], LDL generates distributions across all possible age categories, offering
richer supervisory signals than traditional single-label approaches. This paradigm has also demon-
strated strong performance in facial emotion recognition, where it effectively models ambiguous
emotional states by capturing uncertainty within the label space [49, &R, 3R, &7].

Beyond facial analysis, LDL has shown broad applicability across diverse domains. For instance,
NASA employed LDL to infer the chemical compositions of Martian meteorites [22], refining the
method to predict elemental abundances from crystallographic data. In mental health, LDL has been
used for depression detection via the Deep Joint Label Distribution and Metric Learning framework,
which identifies subtle variations in facial expressions associated with different depression levels
[66]. In crowd analysis, Ling [B3] applied LDL to estimate indoor crowd densities by assigning
label distributions that more accurately describe population levels in video frames.

Despite its success, LDL still faces challenges due to the scarcity of precisely annotated data [37, b].
To mitigate this, several Semi-Supervised Label Distribution Learning (SSLDL) methods have been
proposed. Hou [[[8] inferred the label distribution of unlabeled data by averaging the labels of
its nearest neighbors, using both labeled and unlabeled samples for training. Jia [P2] enhanced
label distribution recovery by exploiting graph-structured relationships among instances. Liu [BY]
further developed a co-regularization-based SSLDL framework that leverages dual model structures
to improve robustness and consistency.

However, these SSLDL methods are often not end-to-end and rely heavily on manual feature en-
gineering, limiting their scalability to high-dimensional or large-scale data. They also underuti-
lize unlabeled information. In contrast, deep learning provides a natural mechanism for automatic
representation learning and has demonstrated remarkable success in data-rich environments. Con-
sequently, integrating deep learning into SSLDL offers a promising direction to address existing
limitations and unlock the full potential of label distribution learning under limited supervision.

3 Problem Statement and Notation

In SSLDL, the training data consists of a labeled dataset D, = {(x;,d;)|i = 1,2,...,n} and an
unlabeled dataset Dy = {x4]lg = 1,2,...,m}. Here, n and m represent the number of labeled
and unlabeled samples, respectively. In the labeled dataset Dy, x; is a labeled sample, and d; =
{d¥},d¥z, ...,dY:} is the corresponding label distribution, where d¥ represents the importance or

relevance of label y; to sample x;. The label distribution satisfies the normalization constraint
25:1 dx, = 1. c denotes the number of labels in the label space ) = {y1, %2, .-, Ye }-

4 The Method

4.1 The Supervised Training Phase

In LDL, we transition from using the traditional binary cross-entropy loss, commonly employed in
multi-label learning [II'7], to adopting Kullback-Leibler (KL) divergence as the loss function. This
transition is essential because LDL predicts continuous real-valued label distributions instead of dis-
crete binary outcomes. The KL divergence [I']] is well-suited for measuring the difference between
the ground-truth and predicted label distributions. The supervised loss is formulated as:

I~ s ( ¥ )
Lo=— d¥% In i , (1)
n 2> h(y; | Aug,,(x;);0)
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Figure 2: An example to illustrate the Lpgrp loss.

where Aug,, (x;) represents a weakly augmented version of the i-th labeled sample [57]. The term
h(y; | Aug,(x;);0) denotes the predicted importance degree of label y; for the augmented instance
Aug,,(x;), as determined by the model. This is computed as:

exp(fj(xi;0))

h(y;|xi; 6) = > a=1 exp(fq(xi30))’

@)

where f;(x;; 0) represents the raw output of the DNN for label y; with respect to instance x;. This
formulation ensures that the predicted label distribution h(y; | x;;0) satisfies the normalization
constraint 5, h(y; | x;;0) = 1.

Existing SSL methods like FixMatch [52] and MixMatch [?] fail in SSLDL because they focus only
on minimizing the KL divergence between predicted and ground truth distributions, neglecting label
ranking relationships. This oversight leads to pseudo-labels that may have low KL divergence but
incorrect label rankings, as shown in the example where FixMatch produces reversed label impor-
tance. In contrast, SSLDL requires preserving both the absolute importance and the relative ranking
of labels to ensure semantic consistency and accurate predictions.

To produce more reliable pseudo-labels, we propose the Pairwise Relevance Ranking (PRR) loss
Lprr, which aligns predictions with the inherent semantic structure of label distributions. For
labeled data, Lprp, strictly enforces alignment between the predicted and ground-truth label rank-
ings while preserving meaningful margins. For example, when label description degrees d% = 0.32
and d¥+ = 0.33, their negligible difference, likely caused by annotation noise, avoids unnecessary
ranking adjustments. Let h;(x;) denote the predicted relevance for the j-th label after weak aug-
mentation Aug,,. The Lprp, loss is defined as:

Conn, = Y (3G R) - g5 k) + (k. 5) - g5 (k. 5) ) )

1<j<k<c

Here, § = d, — d¥*, and f(j, k) and gs(j, k) are defined as follows:

1, ifd¥ >d¥ anddy —d¥: >t
. _ ’ i i g K ’ 4
s(J: k) {0, otherwise. @
_ 0 if hy(xi) — hi(xi) > 6
k)=19 . 7 :
95(4; k) {5 — (hj(x:) — hi(x;)), otherwise. &)

Fig. D(a) shows an example of the Lprg, loss, using a sample from the RAF-LDL dataset. This loss

penalizes two key scenarios (i) when the predicted ranking of labels deviates from the ground truth
(Case 1); (ii) when the ranking is correct but the difference between label scores does not match the
ground-truth margin (Case 2). Only in (iii), where both the ranking and the margin exactly match
the ground truth (Case 3), does the loss drop to zero, indicating a perfectly correct prediction.



4.2 Self-Training Phase by Pseudo-label distribution

Pseudo-label distribution generation: To improve prediction stability and effectively utilize unla-
beled data, we adopt an ensemble learning-based approach [67]. This method generates pseudo-
label distributions (PLDs) for unlabeled instances by averaging the model’s outputs from multiple
weak augmentations of the same image [57].

The pseudo-label generation process is as follows: given an unlabeled image x, the model computes
raw outputs (logits) for H weakly augmented versions Aug, (x). The PLD for x, denoted as p;, is
defined as:
exp (4 DI, fi(Aug, (x)1:0))
pi(y;) = - — ) (6)
Sooiexp (4 iy fa(Avg, (x)6:0))

where f;(Aug,, (x)x; 6) is the models raw output (logit) for label y; on the k-th weak augmentation
of x.

Then, we define the unsupervised consistency loss, £,,., which aligns the PLD with the predictions
on strongly augmented versions of the same instances [57]. It is expressed as:

1 m c ] p?
['uc - )y(]u In ( N ) 5 (7)
m 2 2P 1 (y; | Aug, (xu); 0)

u=1j=1

where h (y; | Aug,(x,);#) is the predicted importance degree for label y; after applying strong
augmentation to x,,. This loss encourages the model to exploit the underlying structure of the
unlabeled data, improving learning from these instances.

In the unsupervised component, we adopt a more flexible strategy to utilize PLDs for training. Rec-
ognizing the potential inaccuracies in pseudo-labels, we focus on aligning the ranking relationships
among labels rather than enforcing strict adherence to absolute values. To achieve this, we propose
the unsupervised pairwise relevance ranking loss, £Lprr,, Which prioritizes capturing inter-label
ranking while ignoring margins. Let h;(x?) denote the predicted relevance of the j-th label after
strong augmentation Aug,. The loss is defined as:

Lorm, = > (50:k)- 900, k) + 5(k,9) - 90(k ), ®)

1<j<k<c

where:

®

k) 1, ifpd >¥ andpyl — p¥h > t,
s(g, k) = .
J 0, otherwise.

0, if By (c3) — h(x3) > 0,

10
hi(x7) — hj(x7), otherwise. (19)

gU(jv k) = {

As shown in Fig. D(b), we illustrate the unlabeled Pairwise Relevance Ranking loss Lprg,. In
this examplea sample from the RAF-LDL datasetthe pseudolabel distribution is (0.6,0.2,...). The
loss only penalizes cases where the predicted ranking conflicts with the order suggested by the
pseudolabel distribution, i.e., when a label with higher pseudolabel score is ranked lower(Case.1),
and it does not impose any margin constraints. Our experiments demonstrate that this flexible use
of pseudolabels significantly improves SSLDL performance, as evidenced by the faster convergence
and lower KL divergence shown in the topright inset of Fig. Q(b).

Finally Loss Function: Overall, the RankMatch algorithm utilizes a dual-phase training strategy
to effectively differentiate between labeled and unlabeled data. The combined application of super-
vised and unsupervised ranking losses under the PRR framework is modulated by a hyperparameter
A. The total loss is computed as follows:

Liotat = Ls + Lyc + MLpPrR, + LPRR,): (11)

5 Theoretical Analysis

In this section, we first investigate how the proposed PRR loss influences the generalization behavior
of the SSLDL framework. Intuitively, incorporating PRR encourages the model to capture inter-
label correlations and refine label ranking consistency, which helps the network generalize beyond



the labeled set. To formalize this intuition, we derive the following theorem, which shows that
adding the PRR term leads to a tighter generalization bound compared with the KL-only objective.

Theorem 5.1. Let F be a hypothests class of scoring functions, and define the empirical risks

RKL, RPRR, and the combined risk Rtot as above. Denote the corresponding minimizers fxy, and
fxL+prr. Then, with probability at least 1 — 6,

In(1

Riot(fxr+PRR) < Riot (frr) +2Rnqm(lo F) + B 2(n(+/6771)

This result theoretically confirms thatwhen the PRR term effectively reduces the empirical total
risk the overall population risk under PRR regularization becomes strictly smaller than that of the
KL-only formulation, up to the standard complexity and confidence terms. In other words, the
PRR loss not only improves empirical optimization but also strengthens the generalization guarantee
of the model. This provides a theoretical foundation for the performance gains observed in our
experiments.

Next we establish a theoretical foundation for our RankMatch by defining a generalization bound.

Theorem 5.2. Let * be the true risk minimizer and f the empirical risk minimizer. Assume the loss
function ((-) is bounded by B and that the pseudo-labeling error e satisfies 37" | | 1(fx(x;)) —

I(d¥:) | /m < € forall k € |q]. For a given Lipschitz constant L, Rademacher complexity Ry (F)
of the function class F, and confidence parameter § > 0, the generalization gap is bounded as:

2
R(f) ~ B(f*) < 2aBe + 4qLp Ry (F) + 2B 3.

where N = m + n is the total number of labeled and unlabeled samples. Theorem 3.2 provides
a theoretical guarantee on the performance of the proposed RankMatch algorithm. Furthermore, it
highlights key factors influencing the generalization error in SSLDL, including the pseudo-labeling
error €, the complexity of the hypothesis space captured by the Rademacher complexity Ry (F),
and the total number of training samples N. Moreover, increasing the training set size N further
tightens the bound, reinforcing the benefits of leveraging large-scale unlabeled data in SSLDL. All
the proof detail can be find in Appendix A and B.

6 Experiments

Experimental Datasets. We evaluate our approach on four real-world datasets: Twitter-LDL [b1]
(10,045 Twitter images labeled for eight emotions), Flickr-LDL [61] (10,700 Flickr images anno-
tated for eight emotions by 11 annotators), Emotion6 [23] (1,980 Flickr images labeled for six emo-
tions), and RAF-LDL [34] (5,000 multi-label facial expression images).

Implementation Following [5, 58, b], we employ ResNet-50 [I6, &4, 55] pre-trained on ImageNet
[32, §7] for training the classification model. For training images, we adopt standard flip-and-shift
strategy [62, 51, b4] for weak data augmentation, and RandAugment [, 6] and Cutout [&, 14, 3] for
strong data augmentation. We employ AdamW [h72, &3] optimizer and one-cycle policy scheduler
[15] to train the model with maximal learning rate of 0.0001. For all datasets, the number of epochs
is set as 30 and the batch size is set as 32. Furthermore, we perform exponential moving average
(EMA) [29, a0] for the model parameter 6 with a decay of 0.98. We adjust the parameter \ across a
range of values, specifically {0.005,0.01,0.05,0.1}. We perform all experiments on GeForce RTX
3090 GPUs. The random seed is set to 1 for all experiments. The datasets detail and the other
implementation detail can be find in Appendix C.

Comparing Methods. To evaluate the effectiveness of our proposed RankMatch method, we bench-
mark it against four distinct groups of algorithms:

o Semi-Supervised Multi-Label Learning (SSMLL) Algorithms: We introduce two advanced
algorithms, SSMLL-CAP(CAP) [89] and PCLP [B6], developed to address the challenges
of semi-supervised multi-label learning by improving the reliability of pseudo-labeling and
leveraging label correlations within multi-label datasets.



Table 1: Comparison of testing results on the Emotion6, Flickr, RAF, and Twitter datasets using
Canberra, Clark, Intersection, and Cosine metrics. The table reports performance under different
labeled data proportions (10%, 20%, and 40%) used for training. The best performance in each
metric is highlighted in bold.

Emotion6 Flickr-LDL Twitter-LDL RAF-LDL

Method 10% 20% 40% 10% 20% 40% 10% 20% 40% 10% 20% 40%
Rankmatch 3.3902  3.3176 32504 4.4060 3.9964 3.9013 3.7370 3.6962 3.2913 3.0178 2.9358 2.8341
SSMLL-CAP 3.7951 3.7613 37248 53827 5.3235 52676 5.8983 5.7659 5.6366 3.4385 3.2808 3.1966
PCLP 37011  3.6017 3.6030 5.2781 5.2292 5.1966 5.4909 5.3738 54133 33696 3.3383 3.3310
Fixmatch-LDL ~ 3.5080 3.5680 3.6050 5.5570 5.5310 5.4350 6.1750 6.0060 5.8340 3.1220 3.0920 3.0770
Can.]  Mixmatch-LDL ~ 3.6080 3.4860 3.4880 5.6450 5.5026 5.5750 6.3530 6.2489 6.2960 3.1580 3.1111 3.0630
GCT-LDL 3.5980 3.5490 3.6410 5.5860 5.5872 55260 6.3010 6.3078 6.2380 3.1920 3.1260 3.1470

SALDL 3.4836 33737 31931 54612 47789 4.8199 50380 4.0868 4.0742 3.1947 3.1415 3.0527
sLDLF 44164 43398 4.1322 62280 6.1238 6.2589 53084 6.0008 6.1910 4.0586 4.1705 4.1189
DF-LDL 42427 40717 3.7221 55348 55549 5.5207 6.4184 63120 6.2588 3.3281 3.3865 3.3582

LDL-LRR 4.6528 4.0496 37719 56325 5.4988 54319 64215 6.3295 62905 3.8677 4.0116 4.1890
Adam-LDL-SCL  4.0815 4.1128 4.1204 6.1634 5.9889 5.6508 6.5220 6.4081 6.3575 3.0891 3.0242 2.9912

Rankmatch 1.5298 1.5050 1.4834 1.8189 1.7051 1.6737 1.6480 1.6190 1.5138 1.4506 1.4190 1.3843
SSMLL-CAP 1.6705 1.6611 1.6502 2.1222 2.0988 2.0820 2.2590 2.2155 2.1733 1.5918 1.5332 1.5082

PCLP 1.6397 1.6059 1.6083 2.0601 2.0478 2.0328 2.1002 2.0623 2.0728 1.5689 1.5636 1.5593
Fixmatch-LDL ~ 1.5950 1.6230 1.6390 2.2220 22110 2.1910 2.3830 2.3310 22820 15130 1.5060 1.5050

Cla. |  Mixmatch-LDL ~ 1.6240 1.5810 1.5840 2.2330 2.1996 22160 24280 2.4034 24150 1.5150 1.5020 1.4870
GCT-LDL 1.6090  1.6050 1.6390 2.2200 2.2238 22080 2.4170 24216 2.4060 1.5350 1.5170 1.5290

SALDL 1.6019 1.5751 1.5100 2.1967 2.0369 2.0446 2.1288 1.8938 1.8964 1.5445 1.5288 1.5035
sLDLF 1.8922 1.8566 1.8049 2.3722 23436 23761 2.1480 2.3384 23746 1.9300 1.9645 1.9750
DF-LDL 1.8217 1.7746 1.6781 22253 22072 2.1992 24313 24108 24033 1.6071 1.6229 1.6138

LDL-LRR 1.9899 1.7745 1.6953 22285 22026 2.1919 24429 24223 24121 1.7907 1.8298 1.8919
Adam-LDL-SCL  1.7851 1.7976 1.8014 2.3534 23093 22312 24639 24324 24160 1.5134 14980 1.4905

Rankmatch 0.6735 0.6832 0.6940 0.6921 0.7073 0.7151 0.7036 0.7190 0.7316 0.6551  0.6813 0.7044
SSMLL-CAP 0.5479  0.5587 0.5666 0.5815 0.6125 0.6377 0.6034 0.6324 0.6577 0.5264 0.5876  0.6092

PCLP 0.6059 0.6370  0.6363  0.6392 0.6469 0.6490 0.6707 0.6784 0.6780 0.5471  0.5588 0.5590
fixmatch-LDL ~ 0.6638 0.6797 0.6916 0.6857 0.7042 0.7119 0.7009 0.7147 0.7283 0.6570  0.6760 0.6987

Int. + Mixmatch-LDL  0.6372  0.6418 0.6496 0.6639 0.6686 0.6831 0.6819 0.6806 0.6986 0.6133  0.6381 0.6534
GCT-LDL 0.6116  0.6602 0.6770 0.6639 0.6879 0.6863 0.6787 0.7018 0.7102  0.6321  0.6669 0.6910

SALDL 0.6457 0.6612 0.6723 0.5559 0.5108 0.5091 0.6632 0.5724 0.5687 0.6298 0.6504 0.6708
sLDLF 0.5935 0.5861 0.6162 0.4813 04750 0.4616 0.6487 0.5652 0.5336 0.2433  0.2315 0.2199
DF-LDL 0.5057 0.5461 0.6353 04173 04176 0.4169 0.3541 0.3536 0.3505 0.7022  0.7083  0.7085

LDL-LRR 03721  0.6213  0.6626 0.5322 0.5519 0.5600 0.5746 0.5904 0.5979 0.5649 0.5389 0.4411
Adam-LDL-SCL  0.3409 0.5627 0.6040 0.4724 0.3933 0.4628 0.5488 0.5828 0.5200 0.6177 0.5768 0.4843

Rankmatch 0.8121 0.8257 0.8331 0.8489 0.8614 0.8679 0.8544 0.8698 0.8790 0.7901 0.8140 0.8375
SSMLL-CAP 0.6850 0.6994 0.7185 0.7634 0.7885 0.8144 0.8109 0.8270 0.8442 0.6456 0.7119 0.7329

PCLP 0.7421  0.7737 0.7778 0.8057 0.8146 0.8151 0.8391 0.8436 0.8448 0.6815 0.6962 0.6969
Fixmatch-LDL ~ 0.8079 0.8200 0.8312 0.8487 0.8573 0.8673 0.8517 0.8647 0.8758 0.7881 0.8123 0.8311

Cos. T Mixmatch-LDL ~ 0.7585 0.7863 0.7901 0.7888 0.8381 0.8468 0.8463 0.8552 0.8602 0.7536 0.7680 0.7820
GCT-LDL 0.7530  0.8017 0.8134 0.8313 0.8508 0.8531 0.8499 0.8587 0.8716 0.7660 0.7977 0.8181

SALDL 0.7784 0.7874 0.7981 0.7361 0.6643 0.6624 0.8479 0.7612 0.7615 0.7711  0.7938 0.8135
sLDLF 0.7037  0.6980 0.7350 0.6276  0.6066 0.5897 0.8002 0.7454 0.6988 03262 0.3506 0.3459
DF-LDL 0.6035 0.6470 0.7689 0.5436  0.5539 0.5569 0.5069 0.5233 0.5209 0.8427 0.8492 0.8470

LDL-LRR 0.4604 0.7362 0.7905 0.7020 0.7316  0.7399 0.7767 0.8027 0.8125 0.7253  0.6938 0.5757
Adam-LDL-SCL 04311 0.6670 0.7144 0.6104 0.4888 0.6166 0.7163 0.7661 0.7403 0.7717 0.7337 0.6191

Table 2: Evaluation of Label Distribution Ranking Relationships for Test Samples. The table com-
pares Kendall tau (75 ) and Spearmans rank (pg) correlation coefficients across datasets and different
methods. Bold values indicate the best-performing method for each dataset and metric.

Metri I Datac I 10% Labeled Data I 20% Labeled Data
etric | Dataset
| | RankMatch ~ GCT ~ CAP  PCLP  FixMatch ~ MixMatch | RankMatch ~ GCT ~ CAP  PCLP  FixMatch ~ MixMatch

TK RAF 0.5696 04258 02079 02750 04643 0.4066 0.5463 04811 03598 02949 04946 0.4524
Emotion6 0.5535 03718  0.1237 03325 04899 04562 0.5620 04594 0.1536 04394 04985 04528
Flickr 0.5618 0.5005 04030 04904 05215 05119 0.5627 05215 04475 05005 05416 0.5265
Twitter 0.4927 04806 04407 04887 04744 0.5016 0.5452 05121 04828 05037 05039 05177

ps RAF 0.6726 05122 02474 03365  0.5564 0.4900 0.6649 05754 04297 03602 05917 0.5497
Emotion6 0.6545 04495 0.1529 04037 05933 0.5528 0.6512 05624 0.1923 05332 05989 0.5559
Flickr 0.6537 0.5904 04831 05793 0.6097 0.6019 0.6551 06112 05335 05903  0.6304 0.6171
Twitter 05740 05637 05193 05735 05517 0.5864 0.6315 05966 05658 05898  0.5853 0.6024

* Dual-Network SSLDL Algorithm: We present and evaluate our own GCT-LDL(GCT), a
dual-network [@] SSLDL approach that we developed, which leverages mutual supervision
of unlabeled data between two independent networks for enhanced learning.

* Deep Learning SSLDL Algorithms: We introduce two novel algorithms, FixMatch-LDL
[62] and MixMatch-LDL [P], designed to bridge the gap in open-source semi-supervised
LDL (SSLDL) approaches within deep learning frameworks.



anger | digust | fear | joy | sad | surprise | netural
Ground Truth 0.07 | 017 [006 [ 003|036 003 0.28

surprise | fear | disgust | happy | sad | anger
Ground Truth 045 | 052 [ 000 | 000 [000]| 003
Rankmatch-LDL | 037 [ 0.52 | 002 | 000 |0.08 | 0.01
Fixmatch-LDL 045 | 032 004 | 003 [014] 002

Rankmatch-LDL | 0.02 0.04 | 0.05 | 0.08 | 0.50 0.08 0.23

Fixmatch-LDL 0.03 0.08 |0.13 | 0.17 | 0.16 0.16 0.27

Mixmatch-LDL 0.04 0.06 |0.28 | 0.12 | 0.23 0.09 0.18
GCT-LDL 0.04 | 006 | 012|024 [015| 010 0.29

Mixmatch-LDL 0.39 0.10 0.19 0.09 [0.13 | 0.10
GCT-LDL 030 | 019 | 005 0.03 | 0.42 | 0.01

anger | digust | fear | joy | sad | surprise | netural
> | Ground Truth 0.00 | 000 [000]063]000| 020 | 017
Rankmatch-LDL | 001 | 004 [ 011|034 007 | 020 | 023
Fixmatch-LDL | 0.02 | 0.12 [ 006|020 006 | 009 | 045

surprise | fear | disgust | happy | sad | anger
Ground Truth 027 | 000 [ 003 | 0.67 [003] 0.00

Rankmatch-LDL 0.35 0.02 0.02 059 [ 0.00 | 0.02

Fixmatch-LDL 0.64 0.10 0.02 022 (001 | 001

Mixmatch-LDL 0.04 0.17 1 0.07 | 0.18 | 0.10 0.09 0.35 Mixmatch-LDL 0.55 0.13 0.07 0.06 |[0.15| 0.03

GCT-LDL 0.04 0.14 1 0.10 | 0.23 | 0.13 0.11 0.25 GCT-LDL 0.44 0.17 0.08 0.12 [ 0.15 | 0.04

Figure 3: Examples illustrating RankMatch-LDL’s ability to generate superior pseudo-label distribu-
tions compared to existing semi-supervised methods. The first two images are from the Emotion6
[23] dataset, and the last two are from the RAF dataset [34]. RankMatch-LDL more accurately aligns
with the ground truth label ranking.

* Traditional SSLDL Algorithm: The traditional SA-LDL [[IR] algorithm, originally for tab-
ular data, is adapted for image datasets through necessary feature engineering, detailed in
Appendix D.

* SOTA LDL Algorithms: Comparisons are also made with state-of-the-art LDL algorithms
including Adam-LDL-SCL [20], sLDLF [50], DF-LDL [I3], and LDL-LRR [21], high-
lighting their potential limitations in SSLDL contexts.

Evaluation Metrics. We evaluate LDL methods using eight metrics [I0]: Chebyshev, Clark, Can-
berra distances, and Kullback-Leibler divergence (lower is better), along with Intersection and Co-
sine similarities, Spearmans rank correlation (pg), and Kendall tau correlation (75 )[Z1] (higher is
better).

6.1 Comparative Experiment Analysis

We employed a range of labeled data proportions (10%, 20%, and 40%) to simulate varying levels
of label availability, a critical factor in semi-supervised learning scenarios. The experiments are
presented in Table I and Table D. from that we can draw the following conclusions

* RankMatch consistently achieves top performance across all datasets and metrics. Com-
pared to SSMLL-CAP and PCLP, RankMatch shows stronger label relationship model-
ing, leveraging PRR losses to refine pseudo-label rankings and outperforming traditional
SSLDL methods like FixMatch-LDL and MixMatch-LDL.

* The results in Table D confirm the consistent superiority of RankMatch in capturing label
ranking relationships, achieving the highest Kendall tau (7x) and Spearmans rank (pg)
correlation coefficients across almost all datasets and metrics. Notably, RankMatch main-
tains robust performance as the proportion of labeled data increases, demonstrating strong
generalization and adaptability under varying supervision levels.

» With increasing labeled data, RankMatch scales effectively, achieving significant perfor-
mance improvements. On Twitter, the Canberra distance improves from 3.7370 (10% la-
beled data) to 3.2913 (40% labeled data).

6.2 Analysis of Pseudo-Label Performance

To evaluate the performance of pseudo-labeling, we assess the pseudo-labeling quality of different
algorithms and visualize two sample images from the Emotion6 and RAF datasets as examples. The
experimental results are presented in Table B and Fig. B. Based on these results, we derive the
following conclusions:

* Our method effectively captures the true label distribution, achieving the best performance
in overall distance metrics, as evidenced by the lowest KL divergence across all datasets.

* By incorporating the PRR loss, our approach generates pseudo-labels with ranking struc-
tures that more closely align with the ground truth, leading to higher-quality pseudo-labels
and improved model performance.



Table 3: Comparison of pseudo-labeling performance with different methods trained on 10% and
20% labeled data. Kendalls Tau (7x) and Spearmans rank correlation (pg) measure ranking quality
(higher is better), while KL divergence quantifies distribution alignment (lower is better).

Dataset 10% Labeled Data 20% Labeled Data
RankMatch FixMatch MixMatch GCT CAP PCLP RankMatch FixMatch MixMatch GCT CAP PCLP
Ps
Emotion6  0.6266 0.5372 0.4763  0.3470 0.1838 0.2921 0.6287 0.5685 0.4760  0.4929 0.4449 0.3325
RAF 0.6617 0.5348 0.5024  0.4774 0.2593 0.3471 0.6730 0.5772 0.5480  0.5730 0.2354 0.4313
Flickr 0.6646 0.6262 0.6153  0.6024 0.4902 0.5933 0.6618 0.6490 0.6377  0.6328 0.5528 0.5988
Twitter 0.6446 0.5551 0.6006  0.5729 0.5197 0.5681 0.6440 0.5990 0.6147  0.6108 0.5602 0.5830
KL
Emotion6  2.5458 3.4885 3.9461 5.1156 5.6353 5.0965 2.4344 3.0090 4.1522  3.7812 3.5549 4.8452
RAF 2.0564 2.9951 3.9584  3.5445 4.9070 4.5420 1.9380 2.5717 3.1612 27052 5.4632 3.9629
Flickr 2.6495 3.7454 3.6983  4.2128 6.0978 3.7667  2.6802 2.9860 4.0924  3.7720 5.2461 3.7492
Twitter 2.5243 3.1827 34360 4.1143 6.5147 3.2599  2.5900 3.1581 39771  3.2475 5.7258 3.0865

Table 4: Ablation Results on Flickr and RAF Datasets.

Che.| Cla.] Can.] KLJ Cos.T Int.1

pretrain 0.2411 2.2594 5.6885 0.5371 0.8427 0.6873
Flickr pretrain + consistency 0.2262(6.2%1) 2.1131(6.5%71) 5.1536(9.4%7) 0.5293(1.5%71) 0.8633(2.4%7) 0.7188(4.6%7)
pretrain + consistency+PRR loss 0.2184(3.4%1) 2.0158(4.6%1) 4.9008(4.9%71) 0.5227(1.2%1) 0.8714(0.9%1) 0.7208(0.3%1)

Che.| Cla. Can.| KLJ Cos.T Int.?

pretrain 0.2938 1.5412 3.206 0.5146 0.7687 0.6411
RAF pretrain + consistency 0.255(13.2%1) 1.5021(2.5%1) 3.1345(2.2%1) 0.3699(28.1%71) 0.8189(28.1%7) 0.7073(10.3%7)
pretrain + consistency+PRR loss 0.2341(8.2%1) 1.4914(0.7%1) 3.0459(2.8%1) 0.3464(6.4%1) 0.8476(3.5%1) 0.7194(1.7%1)

6.3 Further Analysis

Ablation Study Our ablation study analyzed the impact of PRR loss and unsupervised consistency
loss on the performance of RankMatch. Initially, the model was pre-trained with only 10% of
labeled data to establish a baseline. This phase highlighted the model’s ability to utilize minimal
data effectively.

Next, unsupervised consistency loss was applied to enhance learning from unlabeled data. In the
final phase, PRR loss was introduced, leveraging the same 10% labeled data to refine the model
further with supervised ranking loss. Ablation experiment results are shown in Table B. From this,
we can draw the following conclusions

* The integration of unsupervised consistency loss markedly improves RankMatch’s perfor-
mance across datasets, as observed in the ablation results. This confirms the effectiveness
of using unsupervised data to enhance model accuracy.

* The incorporation of pairwise relevance ranking (PRR) loss significantly boosts perfor-
mance, particularly in scenarios where it surpasses the baseline. This improvement
demonstrates the PRR loss’s critical role in refining label discrimination within the semi-
supervised learning framework.

The Impact of Lprr Loss on Pseudo-Labeling: We evaluated the effect of £Lprp loss on pseudo-
labeling by comparing models trained with and without it on the RAF and Emotion6 datasets.
Pseudo-labels were generated for part of the validation set during training, and their ranking perfor-
mance was analyzed. As shown in Fig. B, incorporating PRR loss consistently improved the ranking
quality of pseudo-labels, aligning them more closely with the ground truth. This demonstrates the
ability of Lpprpg loss to effectively capture inter-label ranking relationships, thereby enhancing both
the training process and the overall model performance.

Parameter Sensitivity Analysis Fig. B illustrates the impact of the parameter A on RankMatch’s
performance across the Emotion6, Flickr-LDL, RAF-LDL, and Twitter-LDL datasets, focusing on
KL divergence and Cosine similarity metrics. Fig. B shows that RankMatch performs consistently
well when A ranges from 0.01 to 0.05, with minimal variations in performance metrics such as KL
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divergence, Intersection, and Cosine similarity across all datasets. However, at A = 0.005, a notice-
able performance drop, particularly in the Emotion6 dataset, highlights the reduced effectiveness of
regularization. Conversely, higher values, such as A = 0.1, slightly hinder performance, suggest-
ing over-regularization. This analysis indicates that A values between 0.01 and 0.05 strike the best
balance for effective learning. Detailed results for additional metrics can be found in Appendix D.

7 Conclusion and Limitations

Conclusion. In this paper, we introduce RankMatch, the first deep-learningbased semi-supervised
label distribution learning (SSLDL) method that explicitly models inter-label ranking relationships
via pseudo-labels. By combining the standard KL-divergence loss with our novel Pairwise Ranking
Relationship (PRR) loss within a single training framework, RankMatch produces higher-quality
pseudo-label distributions and flexibly leverages unlabeled data without overfitting to noisy abso-
lIute values. In our theoretical analysis, we prove that adding the PRR loss tightens the models
generalization bound and provide an explicit generalization error bound for RankMatch. Finally, we
empirically validate on four real-world LDL benchmarks (Twitter-LDL, Flickr-LDL, Emotion6, and
RAF-LDL) that RankMatch consistently outperforms all baselines.

Limitations. While SSLDL significantly lowers the demand for fully annotated data, it still depends
on a nontrivial amount of manual labeling. Going forward, we plan to investigate how to harness
large language models to generate cost-effective, high-quality pseudo-labels and to integrate LLMs
directly into the SSLDL training pipeline.
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NeurlIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect
the papers contributions and scope?
Answer: [Yes]

Justification: The abstract and introduction clearly state our three major contribu-
tions(i) the RankMatch SSLDL framework, (ii) the novel PRR loss, and (iii) the the-
oretical generalization boundand these are fully supported by the experiments (Sec.

D).
2. Limitations
Question: Does the paper discuss the limitations of the work performed by the au-
thors?
Answer: [Yes]

Justification: We include a dedicated Limitations paragraph at the end of Sec. 7, not-
ing that SSLDL still requires some manual labels and outlining future directions for
LLMbased low-cost annotation and integration of LLMs into the SSLDL loop.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assump-
tions and a complete (and correct) proof?
Answer: [Yes]
Justification: All assumptions are stated with each theorem (Sec. 5), and full proofs
appear in Appendix A and B.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the
main experimental results?
Answer: [Yes]
Justification: We provide dataset splits, pseudocode, hyperparameters, training details
in Sec. 6 and Appendix C.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient
instructions to reproduce the main experimental results?
Answer: [Yes]

Justification: The benchmark datasets used in this work are publicly available, and the
download links are provided in Appendix C. The implementation code and pretrained
models will be released on our GitHub repository upon publication to facilitate full
reproducibility.

6. Experimental setting/details

Question: Does the paper specify all training and test details necessary to understand
the results?
Answer: [Yes]
Justification: We describe data splits, augmentations, optimizers, and hyperparameter
sweeps in Appendix C.

7. Experiment statistical significance
Question: Does the paper report error bars or other appropriate information about
statistical significance?
Answer:
Justification: For all experiments, we used a random seed of 1.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on com-
pute resources needed to reproduce the experiments?
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Answer: [Yes]

Justification: Appendix C reports GPU type (NVIDIA 3090), run time per epoch, and
total training hours.

. Code of ethics

Question: Does the research conform to the NeurIPS Code of Ethics?
Answer: [Yes]
Justification: We have reviewed the NeurIPS Code of Ethics and found no ethical
issues.
Broader impacts
Question: Does the paper discuss both potential positive and negative societal im-
pacts?
Answer: [NA]
Justification: We found no societal impact of this work.
Safeguards
Question: Does the paper describe safeguards for responsible release of data or models
with high misuse risk?
Answer: [NA]
Justification: Our contributions do not pose highrisk dualuse scenarios requiring spe-
cial release controls.
Licenses for existing assets
Question: Are existing assets properly credited with license information?
Answer: [Yes]

Justification: We cite all datasets (Twitter-LDL, RAF-LDL, etc.) and reference their
original licenses (Sec. 6).

New assets
Question: Are new assets introduced in the paper well documented alongside the as-
sets?
Answer: [NA]

Justification: his paper does not release new assets.
Crowdsourcing and human subjects

Question: For crowdsourcing experiments, does the paper include full instructions and
compensation details?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human
subjects.

IRB approvals
Question: Does the paper describe IRB approvals or equivalent for research with hu-
man subjects?
Answer: [NA]
Justification: We did not conduct new humansubjects research.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if they are an important compo-
nent of the core methods?
Answer: [NA]

Justification: Our core SSLDL method does not rely on external LLMs; future work
will explore LLM-based labeling but that is out of scope here.
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A The Proof of Theorem 3.1

We now show that adding the pairwise relevance ranking (PRR) loss to the usual KLdivergence
objective strictly tightens the generalization bound in semisupervised label distribution learning.

Theorem A.1. Let F be a hypothesis class of scoring functions f: X — R€. Define the empirical
risks on the labeled set {(z,d;)}}; and unlabeled set {x;}T" | by

Riw(f) = + 37 Diw (di | F(22)), Rewn() = - > Lona(£(25),dy),
i=1 j=1

where Dx1,(¢||) is the KullbackLeibler divergence and Lpgg is the pairwise ranking loss computed
against pseudo-labels d;. Let the combined empirical risk be

Riot(f) = Rk (f) + A Rerr(f)-
Denote N N
fx1, = arg 1}?2 Rxr(f), JKL+PRR = arg ?gg Riot (f)-
Assume all losses are bounded by B and Lipschitz continuous. Define the population risks
RkL(f) = E[DkL(d| f(z))], Rprr(f)=E[Lprr(f(2),d)], Riot(f) = Rkr(f)+ARprr(f).
Then for any 6 € (0,1), with probability at least 1 — & over the training draw,
Riot (fkr+PrR) < Reot(fxL) + 2Rpim((oF) + B m

where R 1 (Lo F) is the Rademacher complexity of the combined loss class {(x,y) = Dk (y||z)+
ALprr(z,y). In particular, if adding Lpgrg strictly lowers the empirical total risk, then the resulting
population total risk is strictly smaller than that of the KL-only solution.

Proof. By standard Rademachercomplexity bounds (see [E&1]), for every f € F, with probability at
least 1 — 6,

Riot(f) < ﬁtot(f) + 2R m(loF) + By 21?7(11/33)
By definition of the minimizers,
R, (fxn) < R, (fxL+PRR), Riot (fxLtPrR) < Riot (fxL)-
Subtracting these two inequalities shows that

ﬁtot(fKL—&-PRR) — Riot (fxkr) < 0 = Riot (fkL+PRR) < Riot (fxL).

Apply the uniformconvergence bound from Step 1 to both fxy,+prr and fkr. The difference in
their population risks is upperbounded by the difference in empirical risks (which is negative by
Step 2) plus the same complexity term. Hence

Riot (fkL+PRR) < Riot (fKL) +2Rnym(l 0 F) + By/ 21?,(#72),

as claimed. O

B The Proof of the Theorem 3.2

We study the generalization performance of Rankmatch. Before providing the main results, we first
define the true risk with respect to the classification model f(x;6):

R(f) = By [L(f(x),d)].
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Our goal is to learn a good classification model by minimizing the empirical risk R( f) = R L(f)+

Ry (f), where Ry (f) and Ry (f) are respectively the empirical risk of the labeled loss Ly, (f(x), d)
and unlabeled loss Ly (f(x),d):

Ru(f) = = S LG ), Ru(h) = = D" Lo(f0x). ).

Note that during the training, we cannot train a model directly by optimizing ]:BU( f), since
the labels of unlabeled data are inaccessible. Instead, we train the model with Ry (f) =
L ZT:l Ly (f(x5),d;), where d; represents the pseudo-label vector of the instance x;.

Let Ly (f(x)) = d¢* In (Wnﬁéw(x») be the loss for the label k, and L g be any (not necessarily

the best) Lipschitz constant of L. Let Ry (F) be the expected Rademacher complexity of F with

N = m + n training points. Let f be the empirical risk minimizer, where F is a function class, and
f* be the true minimizer. We derive the following theorem, which provides a generalization error
bound for the proposed method.

Theorem B.1. Suppose that ((-) is bounded by B. For some ¢ > 0, if 700, | I(fx (x5)) —1 (dg{’j) |
/m < € forany k € [q], for any 6 > 0, with probability at least 1 — §, we have

log
2N

SN

R(f) — R(f*) < 2qBe + 4qLgRn (F) + 2¢B

From Theorem 2, it can be observed that the generalization performance of f mainly depends on
two factors, i.e., the pseudo-labeling error € and the number of training examples /N. Apparently,
a smaller pseudo-labeling error € often leads to better generalization performance. Thanks to its
robustness and the empirical evidence supporting the model, we anticipate strong performance in
practical applications.

Theorem B.2. Suppose that ((-) is bounded by B. For some ¢ > 0, if 330", | 1(fx (x)) —1 (d%) |
/m < eforany k € [q] for any § > 0, with probability at least 1 — ¢, we have

SAIN)

log
2N -

R(f) — R(f*) < 2¢Be + 4qLpRn(F) + 2¢B

Proof. Before proving the theorem, we first provide two useful lemmas as follows. We primarily

derive the uniform deviation bound between R(f) and R(f).

Lemma B.3. Suppose that the loss function £ is L g-Lipschitz continuous with respect to 0. For any
0 > 0, with probability at least 1 — §, we have

log %

\R(f) — R(f)| < 2¢LERyim(F) +qB Nt m)

(12)

Proof. In order to prove this lemma, we define the Rademacher complexity of L and F with m +n
training examples as follows:

Rner(L o —F) = IEx,d,a' ;ugz Ji‘e (f (Xz) ) dz) + Z o—j‘g (f (Xj) 7dj)
€/ i=1 j=1

where o; and o; are Rademacher variables.
Considering that C'(f(x),d) = Y .-, ¢(fx,dx), we have
Rn+7r1,(L o ‘/—") < an—&-m(g o -7:) < qLERn—l-m(]:)
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where the second line is due to the Lipschitz continuity of the loss function £.

Then, we proceed the proof by showing that one direction sup ;. » R(f) — R(f) is bounded with
probability at least 1 — ¢/2, and the other direction can be proved similarly. According to McDi-
armid’s inequality [8], for any § > 0, with probability at least 1 — §/2, we have

A a log 2
ngelgR(f) R(f)éjsclelgR(f) R(f) +¢B St m)

According to the result in [41] (Theorem 3.3) that shows Esup ;¢ » R(f) = R(f) < 2R, (F), by

further considering the other direction sup s » R(f) — R(f), with probability at least 1 — J, we have

. log 3
sup | R(f) — R(f) |< 2¢Lg Ry (F) +¢B .
sup | R(f) ~ R(f) |< 2aL B (F) + 4By 5 0
which completes the proof. O

Then, we can bound the difference between R(f) and R(f) as follows:

Lemma B.4. Suppose that ((-) is bounded by B. For some € > 0, if >_70, | I(fi, (x;)) — 1T (dg’(’;) |

/m < eforany k € [q] for any § > 0, we have:

| Ry (f) — Ru(f) |< qBe

Proof. Without loss of generality, assume that € is the largest pseudo-labeling error among g classes,
ie, e =maxi_, >0, | I(fi(x;)) = I (dgfc’;) | /m < e for any k € [g]. Obviously, € consists
below pseudo-labeling error:

I ACHNTY

€= (13)
m

Then, we prove the following side, which provide the bounds for Ry (f). Firstly, we prove its upper
bound:

j=1k=1

1 - &
<mgguﬁymw»mwmwwmw» .
< e (F Go) ) + DU ()

j=1 k=1
< R.(f)+ qBe

1V
3+
NE
MQ

=
/N
#F

) C(fr (x5)) = I(dis, fi (x5) € (fw (x5))
j=1k=1 (15)

m q

£(f Geg) ) + >0 (x,))

j=1 k=1
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By combining these two sides, we can obtain the following result:
|Ru(f) — Ru(f)| < qBe
which concludes the proof.

For any ¢ > 0, with probability at least 1 — §, we have:

R(f) < R(f) + Ru(f) + 2¢LgRuym(F) + ¢B

< R(f) + Ru(f) + qBe + 2qL Ry (F) + B

< R(f) + Ru(f) + 2qBe + 2qLg Ry (F) + B

< R(f) + Ry (f) + 2qBe + 4qLg Ry (F) + 2¢B

< R(f)+2qBe+4qLgR,ym(F) + 2qB

where the first and fifth lines are based on Eq. 6, and second and fourth lines are due to Lemma B73.
The third line is by the definition of f. Putting all these together, the proof is then finished. O

C Others

Experimental Datasets :In this paper, we validate our approach using four distinct real-world
datasets ®. The details of these datasets are as follows:

Twitter-LDL : A large-scale Visual Sentiment Distribution dataset was constructed from Twitter, en-
compassing eight distinct emotions Amusement, Anger, Awe, Contentment, Disgust, Excitement,
Fear, Sadness. Approximately 30,000 images were collected by searching various emotional key-
words, such as "sadness," "heartbreak," and "grief." Subsequently, eight annotators were hired to
label this dataset. The resulting Twitter LDL dataset comprises 10,045 images.

Flickr-LDL : A subset of the Flickr dataset , unlike other datasets that searched for images using
emotional terms, the Flickr dataset collected 1,200 pairs of adjective-noun pairs, resulting in 500,000
images. We employed 11 annotators to label this subset with tags for eight common emotions. In
the end, the Flickr LDL was created, containing 10,700 images, with roughly equal quantities for
each class.

Emotion6 : Emotion6: We collected 1,980 images from Flickr using six category keywords and syn-
onyms as search terms for Emotion6. A total of 330 images were collected for each category, and
each image was assigned to only one category (dominant emotion). Emotion6 represents the emo-
tions related to each image in the form of a probability distribution, consisting of 7 bins, including
Ekman’s 6 basic emotions and neutral.

RAF-LDL : RAF-LDL is a multi-label distribution facial expression dataset, comprising approxi-
mately 5,000 diverse facial images downloaded from the internet. These images exhibit variations
in emotion, subject identity, head pose, lighting conditions, and occlusions. During annotation, 315
well-trained annotators are employed to ensure each image can be annotated enough independent
times. And images with multi-peak label distribution are selected out to constitute the RAF-LDL.

Comparing methods In order to assess the effectiveness of the proposed approach, we benchmark
it against four sets of methods:

1) For the semi-supervised multi-label learning (SSMLL) algorithms, we follow the hyperparame-
ter configurations provided in their original papers. Specifically, for SSMLL-CAP (CAP) [59] and

3The dataset’s author has made the dataset publicly available at the following link:
http://cv.nankai.edu.cn/projects/SentiLDL.
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PCLP [36], we adopt the same backbone networks, learning rates, batch sizes, and training schedules
as specified in their respective works. Additionally, to adapt these methods to our semi-supervised la-
bel distribution learning (SSLDL) setting, we modify their final activation layer: the original sigmoid
function is replaced with a softmax activation. This transformation enables the models to generate
pseudo-label distributions rather than independent multi-label probabilities, ensuring better

2) The second group consists of two deep learning SSLDL algorithms that we introduced, named
FixMatch-LDL and MixMatch-LDL. Since there are currently no open-source semi-supervised LDL
works in deep learning, these two algorithms were developed by us, based on the current most
effective two deep learning SSL algorithms.

(i) FixMatch-LDL :Fixmatch-LDL is an adaptation we made based on the classic semi-supervised
algorithm fixmatch [52]. Specifically, we pre-trained on images using ResNet50, then trained the
model with labeled data. Subsequently, we assigned pseudo-label distributions to the unlabeled data,
and finally, we aligned the model’s strongly augmented output with the pseudo-label distribution.
For all datasets, the number of epochs is set as 30 and the batch size is set as 32. We perform all
experiments on GeForce RTX 3090 GPUs. The random seed is set to 1 for all experiments.

(i) MixMatch-LDL: Mixmatch is a semi-supervised LDL algorithm designed by us. Specifically,
we first use linear interpolation to blend images, creating new samples. Similarly, we generate the
label distributions for these new samples. Following this, we train the data using the same training
strategy as Mixmatch. It’s worth mentioning that producing new samples enhances the model’s
ability to prevent overfitting. For all datasets, the number of epochs is set as 30 and the batch size
is set as 32. We perform all experiments on GeForce RTX 3090 GPUs. The random seed is set to 1
for all experiments.

3) The thrid group of algorithms is a deep learning SSLDL algorithm based on the dual-network
concept, which we named GCT-LDL. The core idea involves mutual supervision of the outputs
from two independent networks using unlabeled data. GCT-LDL : Two models utilized two differ-
ent pretrained initializations of ResNet50 provided by PyTorch (ResNet50-Weights. IMAGENET1K-
V1 and ResNet50-Weights. IMAGENET1K-V2). During training, labeled and unlabeled data were
mixed. The loss used is the cross-entropy loss, divided into two parts: for labeled data, the loss
is calculated directly between the prediction results and the ground truth. For unlabeled data, the
loss is calculated between the prediction results of each model and the results of the other model.
Hyperparameter settings are the same as those used in other methods.

4) The fourth group consists of traditional SSLDL algorithms, referred to as SA-LDL [IX]. Since
SA-LDL is an SSLDL algorithm designed for tabular data, we needed to perform feature engineer-
ing on image data, first, we use ResNet-50 for feature extraction from all datasets, followed by
dimensionality reduction to 128 dimensions using PCA. For the remaining settings, we adhere to
the defaults as specified in the paper.

5) The finally category consists of existing LDL algorithms. As there is currently only one open-
source SSLDL algorithm, which is SA-LDL [I¥], we compared it with some state-of-the-art LDL
algorithms. In this regard, we selected four state-of-the-art LDL algorithms: Adam-LDL-SCL [20],
sLDLF [50], DF-LDL [I3], and LDL-LRR [T]. These algorithm settings are defaulted to be con-
sistent with those specified in the paper. Additionally, for these algorithms, we directly use labeled
data to train the classifier. Then, we use the trained model to assign pseudo-labels to the unlabeled
samples. Finally, we use the pseudo-labels to update the model.

Evaluation Metrics: We evaluate LDL algorithms using six metrics: five distance-based (Cheby-
shev, Clark, Kullback-Leibler, and Canberra) and two similarity-based (Cosine and Intersection).
Lower values indicate better performance for distance-based metrics (|), while higher values indi-
cate better performance for similarity-based metrics (7).
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Table 5: The distribution distance/similarity measures and ranking correlation metrics

Measure / Metric Formula

Chebyshev | Disy (d, d) = max; ‘dj - cfj
Clark | Disy(d, d) = /35_, Ej%;
Canberra | Diss(d, d) = i ;l‘; ;Zj
Kullback-Leibler/ Disy(d,d) = 35_, d;In ;L
Cosine 1 Sim, (d, d) = ——zi=1 b

Intersection 1

VI BT &
. 1 n c . Yi  JYi
Simy = 1 Y7, 305, min (4, 42, )

EY 2
Spearman’s rank pg 1 ps=1- %
Kendall tau correlation 75 1 TK = f;;(;f‘i)

C.1 The Rest Experimental Results

Convergence Analysis Fig. B illustrates the convergence curves of the RankMatch algorithm on the
Flickr-LDL and Twitter-LDL datasets. The rapid decline in the initial loss for Flickr-LDL indicates
quick adaptation and efficient optimization during early epochs, stabilizing as the model converges.
On the other hand, Twitter-LDL demonstrates a more gradual decline, reflecting a steadier learn-
ing process. These results confirm the robust optimization capability of RankMatch across diverse
datasets.

C.2 Parameter Sensitivity Analysis

To investigate the robustness of our method with respect to the trade-off parameter A in the PRR
regularization term, we conduct a sensitivity analysis on four datasets: Emotion6, Flickr-LDL, RAF-
LDL, and Twitter-LDL. As shown in Fig. [, the performance remains stable across a wide range
of A values from 0.005 to 0.1, demonstrating that the proposed framework is not overly sensitive to
this hyperparameter. A small A (e.g., 0.01) generally achieves the best or near-best results across
most metrics, indicating that a moderate contribution from the PRR loss is sufficient to capture label-
ranking consistency without dominating the primary KL-divergence objective. These results validate
the robustness and general applicability of the proposed PRR-regularized SSLDL framework across
diverse datasets.
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Figure 6: The convergence curve on Emotion6, FLickr-LDL, RAF-ML, and Twitter-LDL.

= 03075 070 = — =
070 o %~ Emotions, = N .~ Emotion6 . = - —e— Emotion6 T Il —e— Emotion6
Flickr 0.29 Rt Flickr 0.69 Flickr 0.84 Flickr
_, 065 m- Twitter +£0.28 = Twitter E 0.68 = Twitter <082 m- Twitter
_‘“g 0.60 —+ RAF '3027 —* RAF H 0.67 —+ RAF E . —+ RAF
: S 080 e
055 . Eo.zs . go.aa —_— §
— LI =
0.50 ST S _glzi B 078 — —
045 e———e—e—— 0.24 i 0761 =~
0.005 0.01 0.05 0.1 0.005 0.01 0.05 0.1 0.005 0.01 0.05 0.1 0.005 0.01 0.05 0.1

(b)

Figure 7: Parameter Sensitivity Analysis on 4 datasets.
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