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Abstract

Semi-Supervised Learning (SSL) aims to improve the learn-
ing performance of supervised learning with a large number of
unlabeled samples. Existing SSL methods such as FixMatch
and FlexMatch select unlabeled samples with high-confidence
pseudo-labels and make consistency constraints between their
weak and strong augmentations. Unfortunately, they cannot be
applied Semi-Supervised Regression (SSR) because regres-
sion predictions can not reflect the confidence of pseudo-labels.
To solve this, a recent SSR method RankUp incorporates an
auxiliary ranking task by leveraging sample pairs with high-
confidence pseudo-ranks. In this paper, we upgrade RankUp
to a novel SSR method, namely Semi-Supervised Regression
by Ranking Close Unlabeled Samples (SSR-RCUS). Its ba-
sic idea is reconstructing closed mixup augmented samples
with high-confident pseudo-ranks under a monotonicity as-
sumption, and then applying them to the auxiliary ranking
task to improve regression performance. We conduct exten-
sive experiments to evaluate the performance of SSR-RCUS
on benchmark datasets, and empirical results demonstrate that
SSR-RCUS can outperform the existing baselines in various
settings, especially when labeled data are scarce.

Code — https://github.com/changchunli/SSR-RCUS

Introduction

Deep learning methods have achieved promising success
in many real-world applications (Dong, Wang, and Abbas
2021), especially those that depend on supervised learning
paradigms containing a large amount of precisely labeled
data. Unfortunately, in many specific scenarios, collecting
high-quality labeled samples can be very costly; in parallel,
acquiring abundant unlabeled samples can be much easier.
Consequently, the community remains turning to the active
topic of Semi-Supervised Learning (SSL) (vanEngelen and
Hoos 2020; Yang et al. 2023; Li et al. 2024a,b), whose ob-
jective is to improve the learning performance of supervised
learning with a large number of unlabeled samples.

While there is a long history of SSL (Chapelle, Scholkopf,
and Zien 2006), its key idea remains how to effectively lever-
age abundant unlabeled samples. Representative methodolo-
gies mainly include pseudo-labeling (Beyer et al. 2019; Xie

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

23195

et al. 2020b; Li, Li, and Ouyang 2021; Kou et al. 2025a,b),
consistency regularization (Miyato et al. 2019; Xie et al.
2020a), graph-based methods (Wu et al. 2019; Pan et al.
2020), and hybrid methods (Verma et al. 2019a; Berthelot
et al. 2019; Sohn et al. 2020; Zhang et al. 2021a), etc. In par-
ticular, some hybrid methods such as FixMatch (Sohn et al.
2020) and FlexMatch (Zhang et al. 2021a) select unlabeled
samples with high-confident pseudo-labels by leveraging a
(adaptive) confidence threshold, and make consistency con-
straints between pseudo-labels of their weak and strong aug-
mentations. Empirically, they improve learning performance
by a large margin and accordingly imply that selecting unla-
beled samples with high-confident pseudo-labels plays a
key role in SSL. These hybrid methods focus on classifica-
tion problems, where one can directly measure pseudo-labels’
confidences by the current predictions. However, they cannot
be applied to regression problems mainly because regression
predictions cannot reflect the confidence of pseudo-labels
(Huang, Fu, and Tsao 2024).

To select unlabeled samples with high-confident pseudo-
labels in Semi-Supervised Regression (SSR), a recent SSR
method named RankUp proposes to leverage unlabeled sam-
ples by an auxiliary ranking task, which ingests unlabeled
sample pairs and predicts the relative rank within each pair
(Huang, Fu, and Tsao 2024). Accordingly, this ranking task’s
prediction, i.e. pseudo-rank, can directly measure the rank-
ing confidence. For each unlabeled sample pair with high-
confidence pseudo-rank, RankUp makes a consistency con-
straint between pseudo-ranks of their weak and strong aug-
mentations. This strategy can preserve the relative rank be-
tween samples to improve regression performance. However,
high-confident pseudo-ranks often happen for the sample
pairs with a large gap between their response targets. Accord-
ingly, we raise the question of whether we can preserve the
relative rank between closed samples to improve regression
performance, and the key problem becomes how to select
closed samples with high-confidence pseudo-ranks.

To answer this question, we upgrade RankUp to a
novel SSR method, namely Semi-Supervised Regression
by Ranking Close Unlabeled Samples (SSR-RCUS). Its ba-
sic idea is reconstructing closed mixup augmented samples
with high-confidence pseudo-ranks under a monotonicity
assumption. Specifically, given any sample pair with a high-
confidence pseudo-rank, we can generate mixup augmented



samples with the pair. We make a monotonicity assumption
for mixup augmented samples so the pseudo-ranks between
any sample from the pair and mixup augmented samples
are preserved. We can generate closed mixup augmented
samples from the samples within the pair by controlling the
interpolating coefficient of mixup, leading to closed samples
with high-confident pseudo-ranks. They can then be applied
to the auxiliary ranking task to improve regression perfor-
mance. We conduct extensive experiments to evaluate the
performance of SSR-RCUS on benchmark datasets, and em-
pirical results demonstrate that SSR-RCUS can outperform
the existing baselines in various settings, especially when
labeled data are scarce.

Method

In this section, we describe the proposed SSR method named
SSR-RCUS.

Preliminaries

Problem setup of SSR Consider a d-dimensional feature
space X C R and a regression target space )) C R. In the
context of SSR, we have access to a labeled training dataset
Dy = {(x},y)}!, consisting of N; samples, and an unla-
beled training dataset D,, = {x"}* containing N, feature
data only, where x!, x € X are the labeled and unlabeled
feature vectors, respectively, and 3! € ) is the regression
target of x.. The goal of SSR is to induce a regression model
f: X = Y from {D;, D,}. Generally, the regression model
is designed as f = rw oeg with parameters {®, W }, where
ee is typically a deep encoder and 7w is a regressor. The
deep encoder is used to transform the original feature x to a
latent feature z = eg (x). With z, the regressor is then used
to generate the prediction of the regression target p = rw (z).

Generic objective of SSR  Without concern for any spe-
cific SRR method, we introduce the generic case of SSR. To
handle the training dataset {D;, D,, }, the generic objective
of SSR can be formulated with three parts including a super-
vised loss L£;, an unsupervised loss £,,, and regularization
term(s) R:

E(DhDu) = £l(Dl) + Wucu(Du) + WTR (1)

where w,, and w,. are coefficient parameters. The supervised
loss is the average loss concerning on Dy, and it is generally
specified as follows:

Ny
1
LUOWiD) = 1= > reg (Pis i) @
i=1

where £,.., denotes a prevalent loss function used in regres-
sion such as mean squared error or mean absolute error. The
unsupervised loss refers to D,, and is the key idea for spe-
cific SSR methods. Additionally, the regularization term(s)
includes traditional norm-based constraints and specific SSL
regularization such as entropy regularization (Grandvalet and
Bengio 2004).
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Mixup variants Mixup is an easy-to-implement data-
agnostic augmentation methodology, and it follows a linear
correspondence assumption that linear interpolations of
features correspond to the same linear interpolations of asso-
ciated targets (Zhang et al. 2018). Specifically, the standard
mixup constructs a new augmented sample (X, 7) with any
randomly drawn sample pair {(x;,v:), (x;,9;)}:

X=2x;+ (1 - Nx;, y=Ayi+(1—Ny;,
A =max(\,1—X), X ~ Beta(a, a), a € (0,00).

Manifold mixup extends the linear correspondence assump-

tion to the latent feature space (Verma et al. 2019b), leading

to the following latent augmented sample (z, 9):
/Z\Z)\Zi—l—(l—)\)Zj, :Ij\: )\yi"f'(l—)\)yj,

A =max(\,1—X), X ~ Beta(a, a), a € (0,00).

SSR-RCUS

Generally, our SSR-RCUS is built on the generic objective
of SSR formulated in Eq.(1). Specifically, we specify the
unsupervised loss with a ranking loss by preserving the rel-
ative rank among closed sample pairs with high-confident
pseudo-ranks, which are constructed with the above easy-to-
implement mixup technique.

The ranking loss preserves the relative rank between a
sample pair by constructing a loss between the ranking pre-
diction and target, which are obtained according to a ranking
predictor and the sample pair’s regression targets, respec-
tively. Let hyy be a ranking predictor that ingests the latent
features (z;,z;) of a sample pair ((x;, y;), (x;,;)) and out-
puts a ranking prediction ¢;; = hx(z;, z;), formally defined
as follows:

1
l+exp(HTz —HTz;)

3

qij = hH(Zij)

Then, the ranking loss can be formulated as
Cr(gijotig) = Lee(qij. tij), )

where /. is the cross-entropy loss, ¢;; € {0, 1} is the ranking
target defined as ¢;; = I(y; > y;), and I denotes the indicator
function.

Rather than select sample pairs directly for the ranking
task, to preserve the relative rank among closed sample pairs,
we generate the corresponding mixup augmented samples
close to samples within any interpolation pair by controlling
the interpolation coefficient of mixup. Specifically, for any
sample pair ((x;,¥;), (X;,y;)), we generate two mixup aug-
mented samples x,; and X;; by exchanging the interpolation
coefficient as follows:

(L=A)x5, gy, =i+ (1= Ny;,
Xij =(1 = N)x; +Ax5, ¥ = (1= Nyi + Ay,
A =max(\,1—)\), X ~ Beta(a,a), a € (0,00).

X5 =\x; +

Thus x;; is closer to x;, and X;; closer to x;. By exploiting
the relative ranking between the above mixup augmented



samples and their corresponding closer interpolation samples,
we specify the unsupervised loss £, (D,,) as follows:

L.(©,H;D,)
N, Ny

1
NZZZHT >7'( (u7t;‘j)—l—£ (q”7 ))7
U i=1 j=1

(%)

where 7% = max(q;-‘j,l — qz*j), a5 = hu(z¥, j) T is the
threshold to select high-conﬁdence pseudo-ranks,
_hH( zafz]) _h’H( 7,]5 j)
Z?j - 5@(713‘), E?j = e@(xij)a
and t; = I(y;' > g?j),ffj
sponding pseudo-ranking targets. However, v}, QZ’ Y3 Vs

= I(7}; > yj) are the corre-

are unknown, and calculating them may also introduce extra
noise and cost, especially when the mixup augmented sample
is close to the corresponding interpolation sample. Fortu-
nately, according to the monotonicity theory in Theorem 0.1
(given in the blow subsection), the mixup operation can pre-
serve the relative ranking relationship within the interpolation
samples with a high probability. In other words, the relative
ranking relationship between mixup augmented samples and
the corresponding closer interpolation samples is the same
as that of 1nterpolat10n samples. Thus the pseudo-ranking

targets t;’, i ; can be given by:

L= tij =t;; = I(q;; > 0.5).
Monotonicity in latent feature space By applying the

monotonicity theory to the manifold mixup, the latent aug-
mented samples are generated as follows:

2z = Az + (L= Nz, y, = Ay + (1= Nyj,
Eij = (1 — )\)ZZ —+ )\Zj7 ?ij = (1 — )\)yl —+ ij,

A =max(\,1—\), X ~ Beta(a, ), a € (0,0), (6)
and then the corresponding ranking predictions are obtained
by 4; = hu(zi,2;;), 4;; = hu(Zij, z;). The unsupervised
loss £,(©,H;D,) based on the manifold mixup can be
calculated by substituting them into Eq.(5).

Full objective of SSR-RCUS Combining the supervised
regression loss Eq.(2), and the unsupervised ranking loss
Eq.(5), the full objective of SSR-RCUS is formulated below:

E(@ W.H;D;,D ) ﬁl(@ W; Dl)+wu/3 (@,H;Du)

@)
Further, we also introduce the ranking loss over labeled data
to exploit their relative ranking relationship:

N; N;

N2ZZ£ 5’ 1]

=1 j=1

L£.(©,H;D)) = +0. (g, T) (8

where t}; = tw = ti; = I(y; > y;). Then, the final objective

of SSR-RCUS is g1ven by:
L£(©,W,H;D;,D,)
= £l(®a W7 Dl) + Wu‘cu(e)y H7 Du) + W'r£r(®7 H7 Dl)
©))
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Implementation In practice, the parameters {©®, W, H}
of the encoder, regressor, and ranking predictor are optimized
by using the stochastic optimization with the SGD or AdamW
optimizer. Overall, the iterative training procedure of SSR-
RCUS is summarized in Algorithm 1.

Algorithm 1: SSR-RCUS with manifold mixup

Input: D;: labeled training dataset D; = {( xb N Dy
unlabeled training dataset D, = {x*}Y*; {w,,w,}: co-
efficient parameters; a: parameter of Beta distribution; 7:
confidence threshold;
Output: {®, W, H}: parameters of encoder, regressor and
ranking predictor

1: Initialize the parameters {©®, W, H};

2: fort =0toT do

33 forc=0toldo

4: Sample a mini-batch {(x},4!)}2, from D; and
{(x¥,x3$)} 2 from D, with a(-) and A( );

5: Calculate {232, {z@}B and {z$}2 with
eo (-

6: Calculate {p!}2t based on {z!}7!, with TW(.)

7: Calculate Ereg(® W) accordmg to Eq.(2) with
{pi}i2y and {yi}i:

8: Calculate {{(z w’iw)} B! based on {z}}7,
and{{( ”, lj)}] v 3B basedon {25} B accord-
ing to Eq.(6);

9: Calculate {{( 24 J)} } based
on {{( 2]7 137 1’ j)}J Bl}z 1°
and {{( ,qu)}J N based on

{{(z);, 285,25, 7)) 2 i with

hu(zi,2;;), 4;; = hH(zw,z]);

Qij =

10: Calculate {{q;‘j}f;‘l}gl based on {z}2 with
Gij = hea(2i, 25);

11: Calculate  {{(}}, t;) };3;1 }B« based on
{{q%} e 32 according to £l = & = t¥ =

(g} > 0.5);
12: Calculate £,(©,H), £,.(0,H) and L(©, W, H)
with Egs.(5), (8) and (9);

13: Update {®, W, H} with SGD or AdamW accord-
ing to L(©, W, H);

14:  end for

15: end for

Mixup Preserving Relative Ranking Relationship

Now, we will show that the relative ranking relationship of
the interpolation sample pair will be preserved by its sam-
ples and the corresponding mixup augmented sample when
the response depends on a small fraction of the features in
a monotonic way. Specifically, we consider a single index
model with measurement error y = g(¢'x) + ¢, where
¢ € R, g is a monotonic transformation, and ¢ is a sub-
Gaussian random variable. The single index model has been



widely used in econometrics, statistics, and deep learning
theory (Ge et al. 2019; Lyu and Li 2019; Yang, Balasubra-
manian, and Liu 2017). We suppose ¢ is monotonic to model
the nearly one-by-one correspondence between features and
regression targets.

Theorem 0.1. Let (x;,y;) and (x;,y;) be drawn from the
above single index model where x ~ % Zszl Na(pr, 021,)
with p = ﬁ¢for a fixed positive integer K, the sub-
Gaussian random variable ¢ ~ N'(0,02), and 1, denotes
the d-dimensional identity matrix. And (X,7) is their mixup
augmented sample. Suppose g is smooth with |¢'| > ¢ for a
universal constant ¢ > 0. It holds that with probability at
c(1-N)|ki—k;|ll ¢l
teast ® i neTlalE eT)
b= ti; =1y > y),
cAlki—k;ll@ll2 )

V2e2 X202 | ¢ll5+02
ty = tij = Ly > v;),

where t; = I(y; > g(¢'X)), t; = I(g(¢'X) > y;). I
denotes the indicator function, and ®(-) is the cumulative
distribution function of standard normal distribution. When
neglecting the measurement error, it holds that with probabil-

ity at least ®( “ifk |)

~

t;

and with probability at least ®(

? = 2] _H(yl >y])

Proof. Without loss of generality, we suppose g is
monotonically increasing. Then, we have ¢'x ~

% S Na(ul 6,02 8113),

— 9@ "R) =g(¢d x;) + e —g(¢'%)
=g(¢'x:i) +e— gl (Ax; + (1 —
> C(l — /\)¢T(Xi - Xj) +€;

when y; > y;, and

yi —g(e'X) = g(¢d x;) + e —g(p' %)
=g(¢ x:i) + e — gl (Ax; + (1 —
<c(l - A)(ﬁT(Xz’ —X;)+€

when y; < y;. According to properties of Gaussian distribu-
tion, it holds that

C(l — /\)¢T(Xi — Xj) +€;
~ N(e(1= N (s, — pa)), 263 (1 = N
Thus, we have
Py —g(¢'x) > 0)
> Ple(1=N' (xi —x;) + & > 0)
_ c(l - )¢T(l"k — Hk;)
=1-(— NGRSy o2
_ g c(1 A)(k —k; )||¢>Hz
V2e2(1 = X)202[|[5 + o2

A)x;))

A)x;))

oxll ol + o).
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when y; > y;, and

Plyi — 9(¢'%) < 0)
> Pe(l =N (x; — %) + ¢ < 0)
~o(— c(l - )¢T(l$k — B;)
V2e2(1 - 02H¢Ilz +o?
c(1— >\) ki)l 2 )
V2e2(1 0'2||<15H2+02
when y; < y;. When neglectlng the measurement error,
Plyi—g(@TR) > 0) > (k- o %) wheny; > y;, and P (y;—
g(@'x) < 0) > <I>(f *) when y; < y;. Note that g is
monotonically increasing. Thus, it holds I(y; > g(¢ X)) =

. . c(1=N)[ki—k;
I(y; > y;) with probability @(\/2(1(17)/‘\)2021‘[2@&62) (or

d( Ili/i il ) when neglecting measurement error).

Similarly, we can have I(g(¢'X) > y;) = I(y; > y;)

— @

. o Alki—k;lll ki—k;
with probability ®( \/;ci/\%,";f\liug‘tag ) (or &(! e ') when
neglecting measurement error). O

c(1=N)|ki—k;|lloll2
V221N [lE+o2
it holds

Remark In

Theorem 0.1,

cAlki—k;ll#ll2 |ki—k;|
V220202 (@[3 +02"  V20x
o= tiy = Ly > y) and &5 = tij = Ly, > yy)
with a high probability (> 0.5). The correspondence prob-
ability will be higher when the difference between y; and
y; is bigger. In other words, the mixup (including manifold
mixup) can preserve the relative ranking relationship of
the interpolation sample pair, especially for ones with
a large gap between their regression targets. When the
transformation is strongly nonlinear and not one-to-one, we
can employ the manifold mixup and control the parameter
« of the Beta distribution (e.g., & = 0.5) to obtain a mixup
augmented sample close to one within the sample pair, so
as to exploit the local monotonicity of g. Besides, Theorem
0.1 just provides a probabilistic guarantee that the ranking
relationship is preserved by mixup with high probability,
especially when the difference in targets is meaningful. This
isn’t an arbitrary constraint but a mathematically grounded
foundation.

> 0. Thus,

Related Works

Modern SSL has coalesced around two pillars: consistency
regularization and pseudo-labeling. Consistency regulariza-
tion enhances the model’s generalization by applying pertur-
bations to the input and encouraging consistent predictions.
Alternatively, pseudo-labeling leverages an initially trained
model to generate labels for unlabeled data. By selecting high-
confidence predictions as pseudo-labels, this approach effec-
tively transforms unlabeled data into labeled data, thereby
expanding the training set and improving model performance.
For example, MixMatch (Berthelot et al. 2019) generates soft
pseudo-labels by applying multiple augmentations and sharp-
ening the averaged predictions. Then Mixup (Zhang et al.
2018) is used to mix pseudo-labeled samples with labeled



#Test Area

Backbone

Dataset | Target Range #Original #Dev
UTKFace [1,116] 18,964 -
Yelp Review [0, 4]
BvCC [1,5] 4974 1,066

4,741 Image Age not Pre-trained ResNet-28-2
250,000 25,000 50,000 Text Opinion
1,066 Audio

Pre-trained Bert-Small
Pre-trained Whisper-base

Table 1: Statistics of datasets. Target Range: the range of regression targets, #Original: the number of original training instances,
#Dev: the number of development texts, #7est: the number of texts for testing, Area: the domain of dataset.

samples for training. FixMatch (Sohn et al. 2020) combines
pseudo-labeling based on weak augmentation with consis-
tency training on strongly augmented versions. FlexMatch
(Zhang et al. 2021a) introduces Curriculum Pseudo Labeling
with class-wise increasing thresholds, dynamically adjust-
ing the confidence thresholds based on the model’s learning
progress for each class.

Semi-supervised regression methods typically build on the
smoothness assumption (vanEngelen and Hoos 2020; Yang
et al. 2023) that function outputs should vary slowly over
high-density regions of the input space and enforce this via
consistency regularization. For example, II-Model (Laine and
Aila 2017) enforces consistency by applying two stochastic
augmentations to each unlabeled input and minimizing the
squared difference between their predictions. Mean Teacher
(Tarvainen and Valpola 2017) enhances stability by maintain-
ing an exponential moving average teacher model to guide
the student’s predictions on perturbed inputs. UCVME (Dai,
Li, and Cheng 2023) co-trains Bayesian neural networks
with an uncertainty-consistency loss and variational ensem-
bling for robust pseudo-labels. CLSS (Dai et al. 2023) adapts
contrastive learning to regression by leveraging recovered
ordinal relationships. RankUp (Huang, Fu, and Tsao 2024)
transforms regression into a pairwise ranking classification
task to leverage semi-supervised classification methods.

The mixup techniques (Zhang et al. 2018; Verma et al.
2019b) produce augmented samples by linear interpolations
of training samples based on the linear correspondence as-
sumption. It is simple but can effectively improve robustness
and generalization even with scarce and noisy supervision
(Thulasidasan et al. 2019; Carratino et al. 2020; Zhang et al.
2021b; Li et al. 2022). Mixup has shown remarkable success
in diverse domains, and is currently drawing more atten-
tion in continuous domains, e.g., regression tasks, where the
model may be strongly nonlinear. The mainstream of meth-
ods focuses on how to limit the mixing in regression. RegMix
(Hwang and Whang 2022) and C-Mixup (Yao et al. 2022)
determine the mixing sequence and probability by employing
feature distances and label distances, respectively. RC-Mixup
(Hwang, Kim, and Whang 2024) further integrates C-Mixup
with multi-round robust training techniques to select clean
samples multi-roundly so as to make it robust against noise.
Anchor Data Augmentation (Schneider, Goshtasbpour, and
Pérez-Cruz 2023) clusters training samples and augments
them either towards or away from the cluster centroids with
mixup. R-Mixup (Kan et al. 2023) focuses on improving
model performance on biological networks. In comparison,
our SSR-RCUS preserves the relative ranking relationship be-
tween close samples to improve the regression performance
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based on the proposed theorem, where mixup can keep the
relative ranking relationship of the interpolation sample pair,
especially for ones with a large gap between their regres-
sion targets. It does not limit the mixing, does not depend
on a large amount of clean supervision, and avoids the extra
sample selection.

Experiments

In this section, we show the experimental settings and the
main empirical results.

Experimental Settings

Datasets In the experiments, we employ 3 commonly used
datasets from different domains, including UTKFace (Zhang,
Song, and Qi 2017) (image age estimation), Yelp Review
(text opinion mining), and BVCC (Cooper and Yamagishi
2021) (audio quality assessment)?. We utilize the original
training/dev/test split of datasets. For all datasets, we con-
struct the labeled dataset D; by randomly drawing samples
from the corresponding training dataset, treat the remain-
der as unlabeled dataset D,,, and employ the test dataset for
the performance evaluation. The dataset statistics and split
information are described in Table 1.

Baseline methods We employ seven semi-supervised re-
gression methods as baselines, including II-Model (Laine
and Aila 2017), Mean Teacher (Tarvainen and Valpola 2017),
CLSS (Dai et al. 2023), UCVME (Dai, Li, and Cheng 2023),
MixMatch (Berthelot et al. 2019), RankUp (Huang, Fu, and
Tsao 2024) and RankUp+RDA (Huang, Fu, and Tsao 2024).
Besides, we also use Supervised and Fully Supervised as
two special baselines, which are supervised regression meth-
ods, and the former only employs the labeled dataset D; for
training while the latter utilizes the original training data
for training. To compare our SSR-RCUS and baselines fairly,
we implement SSR-RCUS and evaluate them based on the
RankUp’s codebase, which implements all above baselines by
modifying the popular semi-supervised classification frame-
work USB (Wang et al. 2022) for regression tasks. For all
baselines, we apply the predefined hyperparameters in the
codebase. In terms of all comparing methods, we apply the
backbones for different datasets as follows: no pre-trained
ResNet-28-2 for UTKFace, pre-trained Bert-Small for Yelp
Review, and pre-trained Whisper-base for BVCC.

Implementation details For our SSR-RCUS, we set the
mixup’s parameter o = 0.5, and empirically choose the co-
efficient parameters {w,,w, } from {0.05,0.1,0.2,0.5,1.0}.
The confidence threshold of pseudo-ranks is set to 0.95. We
employ the SGD optimizer with learning rate 10~2 and



MethOdH Supervised II-Model =~ Mean Teacher CLSS UCVME MixMatch RankUp  RankUp+RDA SSR-RCUS (ours) | Fully Supervised

Number of labeled samples = 10

R? 1T || —0.141+0.102 | —0.214+0.104 —0.123+0.048 —0.195+0.152 0.009+0.134 0.016+0.034 0.334+0.061  0.195+0.057 0.609+0.053 0.875+0.000
MAE] || 15.74+o0.67 16.12+1.13 15.62+0.32 15.59+0.98 14.72+1.23  14.04+0.56  11.45+0.76 12.57+0.78 8.63+0.57 4.85+0.01"
SRCCT|| 0.179+0.083 | 0.143+0.103  0.165+0.033  0.165+0.089  0.205+0.159 0.412+0.047 0.599+0.012  0.543+0.013 0.797+0.009 0.910+0.001"

Number of labeled samples = 50

R? % || 0.090+0.002" | 0.100+0.086" 0.127+0.037" 0.138+0.101" 0.157+0.110° 0.401+0.028" 0.514+0.043" 0.55240.041" 0.727+0.042 0.875+0.000"
MAE] || 14.13+0.56" 13.82+1.02" 13.92+0.20" 13.61+0.92" 13.49+0.95" 11.4440.45"° 9.96+0.62" 9.33+0.54" 7.44+0.43 4.85+0.01"
SRCCT|| 0.371+0.071" | 0.387+0.092° 0.423+0.023" 0.447+0.074" 0.412+0.127" 0.674+0.035" 0.832+0.008" 0.770+0.009" 0.824+0.007 0.910+0.001"

Number of labeled samples = 250

R%1 || 0.540+0.014° | 0.534+0.030" 0.586+0.020" 0.586+0.016° 0.62640.006" 0.692+0.013" 0.751+0.011" 0.782+0.012" 0.791+0.008 0.875+0.000"
MAE/] || 9.42+0.16" 9.45+0.30" 8.85+0.25" 9.10+0.15" 8.63+0.17"  7.95+0.15"  7.06+0.11" 6.57+0.18" 6.53+0.15 4.85+0.01"
SRCCT|| 0.712+0.010" | 0.706+0.015" 0.745+0.013" 0.737+0.014" 0.767+0.007" 0.832+0.008" 0.835+0.008" 0.856+0.005" 0.856+0.006 0.910+0.001"

Number of labeled samples = 2000

R?1 || 0.794+0.004" | 0.790+0.006° 0.793+0.004" 0.794+0.003" 0.821+0.007" 0.824+0.004" 0.838+0.003" 0.844+0.004" 0.846+0.003 0.875+0.000"
MAE| 6.28+0.06" 6.31+0.10" 6.29+0.03" 6.29+0.01" 5.90+0.07" 6.03+0.07"  5.61+0.07" 5.5140.07" 5.48+0.05 4.85+0.01"
SRCCT|| 0.862+0.001" | 0.860+0.003" 0.862+0.001" 0.862+0.001" 0.877+0.002" 0.883+0.002" 0.887+0.003" 0.890-+0.003" 0.894+0.002 0.910+0.001"

Table 2: Regression performance with various numbers of labeled samples on UTKFace. The best results are highlighted in
boldface.

MethodH Supervised ‘ II-Model ~ Mean Teacher CLSS UCVME MixMatch RankUp  RankUp+RDA SSR-RCUS (ours) ‘ Fully Supervised

Number of labeled samples = 10

R? 1T || —0.053+0.097 | —0.055+0.102 —0.055+0.043 —0.048+0.132 —0.025+0.101 —0.068+0.078 0.077+0.059  0.080-+0.062 0.279+0.054 0.799+0.002"
MAE] || 1.240+0.097 | 1.232+0.099  1.232+0.046  1.189+0.102  1.21940.107  1.20540.059 1.127+0.073  1.109-+0.069 0.985+0.065 0.418+0.003"
SRCCT|| 0.108+0.085 | 0.156+0.003  0.156+0.054  0.238+0.0908  0.122+0.001  0.226+0.047 0.321+0.015  0.353+0.013 0.545-+0.014 0.896-+0.001"

Number of labeled samples = 50

R? 1 0.248+0.083 | 0.252+0.085  0.235+0.036  0.202+0.093  0.227+0.095  0.204+0.037 0.525+0.049  0.41240.045 0.548+0.046 0.799+0.002"
MAE] || 0.989+0.076 | 1.007+0.003 1.016+0.043 1.004+0.087 1.039+0.086 1.018+0.036 0.786+0.037  0.854+0.042 0.760-£0.041 0.418-+0.003"
SRCCT|| 0.512+0.078 | 0.509+0.081  0.505+0.037  0.497+0.084  0.500+0.079  0.500+0.023 0.752+0.007  0.667+0.009 0.762+0.006 0.896+0.001"

Number of labeled samples = 250

R?1 || 0.566+0.019" | 0.565+0.019" 0.565+0.010° 0.543+0.011° 0.540+0.005° 0.381+0.008" 0.645+0.013° 0.651+0.007" 0.714+0.006 0.799+0.002"
MAE] || 0.723+0.023" | 0.730+0.024° 0.730+0.024° 0.721+0.010° 0.775+0.006" 0.886+0.004" 0.661+0.018" 0.632+0.009" 0.579+0.008 0.418+0.003"
SRCC?|| 0.769+0.010" | 0.769+0.000° 0.769+0.009° 0.748+0.002° 0.763+0.005" 0.660+0.004" 0.829+0.002° 0.810+0.005" 0.848-+0.003 0.896-+0.001"

Number of labeled samples = 2000

R% 1 0.703+0.004 | 0.703+0.005  0.704+0.003  0.640+0.001  0.695+0.002  0.522+0.001  0.735+0.003  0.730+0.001 0.747+0.002 0.799+0.002"
MAE] || 0.583+0.003 | 0.581+0.004 0.581+0.002  0.604+0.002  0.593+0.001  0.774+0.003 0.549+0.002  0.557+0.002 0.529-0.003 0.418-+0.003"
SRCCT|| 0.840+0.002 | 0.840+0.003  0.840+0.001  0.807+0.003  0.836+0.002  0.740+0.003 0.859+0.002  0.855+0.001 0.865+0.001 0.896+0.001"

Table 3: Regression performance with various numbers of labeled samples on Yelp Review. The best results are highlighted in
boldface.

weight decay 5 x 1073 for UTKFace, the AdamW opti- and the corresponding model’s predictions {g; } Y, of N test
mizer with learning rate 10~° and weight decay 5 x 10~* for samples, the details of metrics are given below:

Yelp Review, anq the AdamW optimizer with learning rate « Coefficient of Determination (R2) evaluates the propor-
2 x 107 and weight decay 2 x 10~° for BVCC. The epoch tion of variance in the data explained by the model:

number is set to 256 for UTKFace, and 100 for Yelp Review

and BVCC, with the iteration number 1024 per-epoch. The vazl (yi — 9:)?

batch size of labeled data and unlabeled batch ratio are set to R*=1- ZN (yi — )2

32 and 7 for UTKFace, 8 and 1 for Yelp Review and BVCC. =1\ =Y

All experiments are carried on a Linux server with 8 NVIDIA where 7 is the mean of ground-truth values.

4090 GPUs and 512 GB memory. * Mean Absolute Error (MAE) indicates the average ab-

solute difference between predicted values and true ones:

Evaluation metrics We employ three commonly used met- N
rics to evaluate the performance of baselines, including R?, MAE — i Z lyi — il
MAE, and SRCC. Given the ground-truth values {y;}¥ N~
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Metric H Supervised II-Model =~ Mean Teacher CLSS UCVME MixMatch RankUp  RankUp+RDA SSR-rRCUS (ours) | Fully Supervised
Number of labeled samples = 10
R?1 || —0.035+0.082 | —0.036+0.086 —0.0390.083 —0.033+0.079 —0.006+0.073 —0.031+0.002 0.023+0.085 —0.120+0.089 0.174+0.077 0.764+0.002"
MAE/] || 0.768+0.067 | 0.772+0.069 0.770+0.065 0.772+0.069  0.762+0.057 0.761+0.069 0.738+0.073 0.787+0.065 0.684+0.057 0.351+0.003"
SRCCt|| —0.001+0.072 | —0.018+0.075 —0.008+0.073 0.187+0.069  0.100+0.068  0.070+0.071  0.272+0.064 0.168+0.073 0.444+0.061 0.874+0.001"
Number of labeled samples = 50
R* 1 0.208+0.057 | 0.206+0.063  0.211+0.052  0.392+0.065 0.276+0.051  0.218+0.087 0.446+0.063 0.457+0.067 0.450+0.068 0.764+0.002"
MAE] || 0.670+0.034 | 0.671+0.037  0.669+0.035 0.577+0.041  0.635+0.020  0.65940.043 0.549+0.039 0.539+0.040 0.541+0.035 0.351+0.003"
SRCCT|| 0.509+0.039 | 0.509+0.041  0.516+0.038  0.623+0.040  0.543+0.037  0.499+0.068 0.676+0.032 0.684+0.034 0.679-+0.042 0.874+0.001"
Number of labeled samples = 250
R?1 || 0.490+0.018" | 0.489+0.021" 0.492+0.018° 0.534+0.027° 0.553+0.011° 0.353+0.044" 0.5880.028" 0.598-£0.027" 0.631+0.025 0.764+0.002"
MAE] || 0.533+0.006" | 0.534+0.008" 0.532+0.006" 0.499+0.010" 0.498+0.003" 0.597+0.017° 0.470+0.012" 0.463+0.013 0.443+0.011 0.351+0.003"
SRCCT|| 0.741+0.009" | 0.740+0.009" 0.742+0.008" 0.748+0.008" 0.774+0.008" 0.626+0.031" 0.776+0.010° 0.783+0.011" 0.799+0.012 0.874+0.001"
Number of labeled samples = 2000
R*t 0.756+0.002 | 0.757+0.002  0.757+0.001  0.753+0.003 0.775+0.001 0.686+0.005 0.774+0.003 0.774+0.002 0.775+0.003 0.764+0.002"
MAE/ || 0.360+0.003 | 0.359+0.002  0.359+0.002  0.357+0.0001  0.346+0.001  0.412+0.007 0.340+0.003 0.338+0.001 0.339+0.002 0.351+0.003"
SRCCT|| 0.872+0.004 | 0.872+0.003  0.872+0.003  0.867+0.002  0.880+0.003  0.836+0.006 0.880+0.004  0.881-+0.001 0.882+0.003 0.874+0.001"

Table 4: Regression performance with various numbers of labeled samples on BVCC. The best results are highlighted in boldface.

* Spearman’s Rank Correlation Coefficient (SRCC)
measures the correlation between the predicted rankings
and the ground-truth rankings:

60, d?
N(N2 —1)

where d; is the difference between the ranks of corre-
sponding variables.

For R? and SRCC, the larger value is better (denoted by
1); for MAE, the smaller value implies better performance
(denoted by |). All metrics are calculated by using the Scikit-
Learn tool (Pedregosa et al. 2011) and Scipy.

SRCC =1 —

Main Results and Analysis

To evaluate the effectiveness of SSR-RCUS, we perform ex-
periments on UTKFace, Yelp Review, and BVCC by varying
the number of labeled samples over {10, 50, 250, 2000}. For
each dataset and number of labeled samples, we indepen-
dently run each comparing method 3 times with different
seeds and report the average regression performance in Ta-
bles 2, 3, and 4, where the results with * are from the public
literature (Huang, Fu, and Tsao 2024).

Overall, we can observe that our SSR-RCUS method per-
forms the highest scores among all comparing methods in
most (i.e., 33/36) settings, indicating the superior perfor-
mance of SSR-RCUS. SSR-RCUS consistently outperforms
all baseline methods across all datasets when the labeled
samples are scarce (i.e., labels=10) where performance dif-
ferences are more pronounced, and also achieves competitive
and even better performance when the number of labeled sam-
ples increases. The results are expected because SSR-RCUS
preserves the more fine-grained relative ranking relationship
with the simple mixup based on the proposed monotonic the-
orem. There is only a very little performance drop compared
RankUp+RDA when labels=50 on BVCC. The possible rea-
son is that the difference among regression targets of BVCC
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is too small, leading to a relatively low probability for keep-
ing the relative ranking between augmented samples and
corresponding interpolation ones according to Theorem 0.1.

Specifically, in the 10-label setting, SSR-RCUS achieves
notable gains over the strongest competitor RankUp, with
an 82.3% improvement in R?, a 24.6% reduction in MAE,
and up to 33.1% enhancement in SRCC, which implies that
the preserving ranking relationships between close unlabeled
samples strategy enables more effective utilization of unla-
beled samples. Even under moderate label availability, such
as 50 or 250 labels, SSR-RCUS continues to surpass all base-
lines on both UTKFace and Yelp Review. Although perfor-
mance gaps narrow as label quantity increases, SSR-RCUS
remains competitive even in the 2000-1abel setting. On all
three datasets, it nearly matches the Fully-Supervised method
in terms of R? and SRCC, and on BVCC, it achieves the high-
est R? (0.775) and highest SRCC (0.882) among all methods.
This demonstrates that SSR-RCUS does not overfit nor de-
grade in performance when more labeled data is available.

Conclusion

In this paper, we propose a novel SSR method named SSR-
RCUS. Its basic idea is to formulate an auxiliary ranking
task, and ingest closed mixup augmented samples with high-
confident pseudo-ranks. It depends on an assumption that
mixup can preserve relative ranking relationships, where
we prove this assumption holds with a high probability. Ac-
cordingly, our SSR-RCUS can simultaneously achieve high-
confident pseudo-ranks for the ranking task and sample aug-
mentation with mixup. We conduct extensive experiments to
examine the performance of SSR-RCUS on three benchmark
datasets from various domains. The empirical results indicate
that SSR-RCUS can perform better than the existing SSR
baseline methods in most cases, and especially, it can achieve
very competitive performance with very few labeled samples.
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