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Abstract

Pseudo-labeling is a widely used strategy in semi-
supervised learning. Existing methods typically
select predicted labels with high confidence scores
and high training stationarity, as pseudo-labels to
augment training sets. In contrast, this paper ex-
plores the pseudo-labeling potential of predicted
labels that do not exhibit these characteristics. We
discover a new type of predicted labels suitable for
pseudo-labeling, termed two-phase labels, which
exhibit a two-phase pattern during training: they
are initially predicted as one category in early
training stages and switch to another category in
subsequent epochs. Case studies show the two-
phase labels are informative for decision bound-
aries. To effectively identify the two-phase labels,
we design a 2-phasic metric that mathematically
characterizes their spatial and temporal patterns.
Furthermore, we propose a loss function tailored
for two-phase pseudo-labeling learning, allowing
models not only to learn correct correlations but
also to eliminate false ones. Extensive experi-
ments on eight datasets show that our proposed
2-phasic metric acts as a powerful booster for
existing pseudo-labeling methods by additionally
incorporating the two-phase labels, achieving an
average classification accuracy gain of 1.73% on
image datasets and 1.92% on graph datasets.

1. Introduction
Pseudo-labeling (Lee et al., 2013) is a widely employed strat-
egy in many semi-supervised learning methods, e.g., self-
training (Amini et al., 2025), co-training (Blum & Mitchell,
1998), consistency regularization (Sohn et al., 2020), and
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partial label learning (Tian et al., 2024), to address the prac-
tical challenge of labeled data scarcity. This strategy uses
predicted labels of unlabeled samples as pseudo-labels to
augment training set, facilitating model training via reduc-
ing model uncertainty (also called epistemic uncertainty)
(Hüllermeier & Waegeman, 2021) and promoting a robust
decision boundary in low-density regions (Chapelle & Zien,
2005). Pseudo-labeling has achieved success in various
tasks, e.g., computer vision (Rizve et al., 2021), text mining
(Yang et al., 2023), and graph learning (Sun et al., 2020).

High-quality pseudo-labels are essential to this strategy, yet
they are challenging to obtain. The confidence score is
the most commonly used and intuitive metric for selecting
pseudo-labels; however, it suffers from a poor calibration is-
sue, especially on out-of-distribution data (Guo et al., 2017;
Kage et al., 2024). Recently, researchers discovered training
dynamics—i.e., the trajectory of model predictions during
training—contains rich information about prediction uncer-
tainty (Swayamdipta et al., 2020; Jia et al., 2023). They
show that if a model makes consistent predictions for an
unlabeled sample throughout training, that predicted label is
highly likely to be correct. Consequently, training station-
arity metric is proposed to identify these predicted labels to
act as pseudo-labels (Song et al., 2019; Zhou et al., 2020;
Chen et al., 2021; Pleiss et al., 2020; Pei et al., 2024b).

In this paper, in contrast to existing works, we explore
pseudo-labeling potential of a new type of predicted labels
that do not exhibit high confidence score and high training
stationary, as illustrated by type II labels in Fig.1(A)1. These
predicted labels are rarely exploited for pseudo-labeling, as
they are associated with atypical patterns and tend to have a
high risk of misclassification. Incorrect pseudo-labels can
significantly degrade model performance due to introducing
noise and misleading patterns (Wang et al., 2023). How-
ever, we find that despite their low correctness, correctly
predicted labels of this type could offer greater information
gain2 for pseudo-labeling, than the commonly used type

1In Fig.1(A), we use an inverse indicator, non-stationary, which
can be easily calculated, as detailed in the Appendix A.

2We quantify the information gain by measuring the gradient
change from pseudo labels, detailed in Appendix E.
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Figure 1. (A) Distribution of predicted labels for CIFAR100 dataset, based on a pre-trained Vision Transformers (ViT) classifier. The
x-axis represents confidence score, and the y-axis denotes non-stationary during training. Colors indicate correctness of predicted labels.
Type I labels have high confidence and high training stationarity, corresponding to samples with typical patterns; these labels have
been well exploited in existing pseudo-labeling works. Type II labels exhibit relatively high confidence and low training stationarity,
corresponding to samples with complicated patterns; these labels are rarely explored for pseudo-labeling. (B) Type I labels show high
correctness, while Type II labels provide high information gain. Our proposed two-phase labels combine both high correctness and
relatively high information gain. (C) Overlap of effective pseudo-labels (75% accuracy) selected by confidence and our 2-phasic metric.
The pseudo-labels only identified by 2-phasic metric (blue) indicate that many two-phase labels do not have high confidence scores.

I labels, as shown in Fig.1(B). This finding raises a new
research problem: How can we leverage the significant
information gain from type II labels for pseudo-labeling
while minimizing the risk of misclassification?

Toward exploring this problem, this paper uncovers a subset
within type II labels, termed two-phase labels. The two-
phase labels refer to predicted labels whose training dynam-
ics exhibit a two-phase pattern: they are initially predicted
as one category in early training stage (the first phase), and
switch to another category in subsequent epochs (the second
phase), as shown in Fig.2(A). They show a strong potential
for pseudo-labeling, exhibiting high information gain and
relatively high correctness, as shown in Fig.1(B). Notably,
two-phase labels cannot be easily identified by confidence
scores, as evidenced by non-overlaps in Fig.1(C).

We propose the 2-phasic metric to effectively identify the
two-phase labels by mathematically characterizing their
spatial and temporal patterns. We further analyze the ratio-
nale behind using two-phase labels for pseudo-labeling: (1)
Two-phase labels provide valuable information about deci-
sion boundaries, as two-phase samples are positioned much
closer to the boundaries than samples with high confidence;
(2) They can enable models to not only learn correct correla-
tions, but also eliminate false correlations. To fully release
the two potentials, we design a specialized pseudo-labeling
loss function tailored for two-phase labels.

We validate the proposed 2-phasic metric-based pseudo-
labeling method on eight benchmark datasets, including
four image datasets and four graph datasets. Experimental
results show: (1) Our proposed 2-phasic metric can widely
enhance existing pseudo-labeling methods as a booster by
additionally incorporating the two-phase labels, achieving
an average classification accuracy gain of 1.73% on image
data and 1.92% on graph data. (2) Tow-phase labels are
often overlooked by commonly used confidence metrics,
and they exhibit high quality in terms of information gain
and correctness. We analyze the proposed loss function
by an ablation study and examine method limitations. The
experiment code is released in our Github repository3.

In summary, our contributions in this paper are three-fold:

• We uncover two-phase labels, which have strong po-
tential for pseudo-labeling and can be a valuable com-
plement to pseudo-labels provided by existing meth-
ods. We analyze the rationale of two-phase labels for
pseudo-labeling from different perspectives.

• We propose the 2-phasic metric to effectively and ef-
ficiently identify two-phase labels by mathematically
characterizing their spatial and temporal patterns. Fur-
thermore, we propose a loss function specifically de-
signed for two-phase pseudo-labeling learning.

3URL: https://github.com/XJTU-Graph-Intelligence-Lab/
two-phasic-for-pseudo-labeling
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• We conduct extensive experiments to validate the 2-
phasicmetric-based pseudo-labeling method on eight
image and graph datasets. Experimental results show
that the proposed 2-phasicmetric acts as a powerful
booster for existing pseudo-labeling methods.

2. Related Works

2.1. Pseudo-labeling Approach

The pseudo-labeling approach is dominant in semi-
supervised learning, and it involves a class of methods that
assign predicted labels to unlabeled samples that are then
acted as labeled samples for training (Kage et al., 2024).

In self-training, pseudo-labels are generated by a model
trained on labeled data and subsequently used to further
train the same model (Lee et al., 2013; McClosky et al.,
2006). This process can be conducted iteratively to achieve
curriculum learning (Cascante-Bonilla et al., 2021; Xie et al.,
2020). Inco-training, pseudo-labels are generated by the
teacher model and then used to augment the student model's
training set, allowing for complementary learning (Wang
& Zhou, 2013), knowledge distilling (Hinton et al., 2015),
and iteratively optimizing pseudo-label assignment policy
through the teacher model (Blum & Mitchell, 1998; Pham
et al., 2021). Pseudo-labeling is also employed incon-
sistency regularization, where the objective is to enforce
consistency among the pseudo-labels (soft or hard) of per-
turbed samples—generated by various data augmentation
methods—and the original sample (Berthelot et al., 2020;
Sohn et al., 2020; Hu et al., 2021). Inpartial label learn-
ing, pseudo-labels are leveraged to disambiguate among
candidate labels, thereby identifying the true label of each
sample (Jin & Ghahramani, 2002; Tian et al., 2024). This
paper uncovers a new type of pseudo-labels, the two-phase
labels,which are under-explored in existing research and
thus may broadly bene�t the aforementioned methods.

2.2. Metrics for Pseudo-label Selection

Pseudo-label selection aims to identify which samples
should be assigned pseudo-labels. It is essential to pseudo-
labeling methods. In literature, the most commonly used
metric for pseudo-label selection is thecon�dence scorede-
rived from softmax distribution (Sun et al., 2020; Cascante-
Bonilla et al., 2021; He et al., 2023). However, this metric
suffers from poor calibration, which means high con�dence
scores are often assigned to incorrectly predicted labels,
leading to incorrect pseudo-labels (Guo et al., 2017). More-
over, it has been argued that con�dence scores should not
be trusted for out-of-distribution data (Gal & Ghahramani,
2016). Con�dence scores are also susceptible to manipula-
tion by adversarial examples (Nguyen et al., 2015).

Prediction uncertainty is also a critical metric for select-
ing pseudo-labels (Gawlikowski et al., 2023; Zhao et al.,

2020). A popular method for measuring the uncertainty
is Monte Carlo dropout(Gal & Ghahramani, 2016; Rizve
et al., 2021), which measures the variance of predicted la-
bels during multiple dropout operations in testing. Another
important uncertainty metric used for pseudo-label selec-
tion is training stationarity(also calledtime-consistency),
which is based on the training dynamics (Song et al., 2019;
Zhou et al., 2020; Chen et al., 2021; Pleiss et al., 2020; Pei
et al., 2024b). The metric can be viewed as a self-ensemble
method, where models at different epochs act as ensemble
members (Liu et al., 2022b). It relies on the observation
that if a model consistently predicts the same label for an
unlabeled sample throughout training, that label is likely to
be correct. Unlike existing works, this work is, to the best of
our knowledge,the �rst to explore predicted labels with
non-stationary training dynamics for pseudo-labeling.

2.3. Training Dynamics-based Analysis

Training dynamics has been applied in various analysis
tasks, as it contains rich information about both models and
data. In addition to pseudo-labeling, training dynamics is
used to identify samples that are frequently forgotten to
address catastrophic forgetting issues (Toneva et al., 2019;
Pan et al., 2020). It is employed in active learning to �nd
ambiguous samples for expert querying, helping to re�ne
the training set and support out-of-distribution generaliza-
tion (Kye et al., 2023; Wang et al., 2022a). It is also used
to measure learning dif�culty in curriculum learning (Bal-
dock et al., 2021; Zhang et al., 2025), identify important
samples to reduce the training set (Paul et al., 2021), and
detect mislabeled samples for data cleaning (Jia et al., 2023;
Swayamdipta et al., 2020). Notably, in computer vision,
many studies utilize training dynamics to enhance the em-
bedding space; such approaches are commonly referred to
as memory bank methods (Liu et al., 2022c).

3. Problem De�nition

Let DL = f (x ( i ) ; y ( i ) )gN L
i =1 be a labeled dataset withNL

samples, where the vectorx ( i ) represents input features
of samplei . Each sample belongs to one ofC categories
and is labeled with the one-hot vectory ( i ) 2 f 0; 1gC . Let
DU = f (x ( i ) )gN U

i =1 be an unlabeled dataset withNU sam-
ples, which does not include sample labels. The pseudo-
labeling approach trains a parameterized modelf � on both
the labeled samples inDL and pseudo-labeled samples
in DP = f (x ( i ) ; ~y ( i ) )gN P

i =1 , where ~y ( i ) denotes pseudo-
label. These pseudo-labels are generated from the unlabeled
datasetDU . An essential issue of this approach is the selec-
tion of pseudo-labels, which aims to identify unlabeled sam-
ples whose predicted labels can be con�dently assigned as
pseudo-labels, thereby enhancing the training of the model
f � . These predicted labels may be given by the modelf �

from a previous iteration in self-training or by a teacher
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Figure 2.(A) Training dynamics with a two-phase pattern (Node
876), stationarity (Node 121), and frequent oscillations (Nodes
1016 and 2359), generated by a Graph Convolutional Networks
(GCN) on Cora dataset. (B) and (C) summarize spatial and tempo-
ral characteristics of corresponding training dynamics, respectively

model in co-training. The pseudo-label selection problem
can be modeled as designing a metric that evaluates the
suitability of predicted labels to act as pseudo-labels.

4. Method

In this section, we �rst design the 2-phasicmetric to effec-
tively and ef�ciently identify two-phase labels, then ana-
lyze the rationale behind using two-phase labels for pseudo-
labeling, and �nally propose a pseudo-labeling loss that can
fully extract the information within two-phase labels.

4.1. 2-phasicMetric

The key to designing a metric to identify two-phase labels
lies in mathematically characterizing the two-phase pattern:
the label is initially predicted as one class by the model in
the �rst training phase and then shifts to a different class
in the second phase, as shown in Fig. 2A. Our proposed 2-
phasicmetric characterizes this pattern through both spatial
and temporal measures, de�ned as follows:

2 � phasic( i ) := ( � ( i )
spatial ) � 1 (� ( i )

temporal ) � 2 ; (1)

where� ( i )
spatial and� ( i )

temporal represent the measures of spa-
tial and temporal pattern, respectively, of the training dynam-
ics for samplei . The parameters� 1 and� 2 are exponential
weights. The product operator implies that both the spatial
and temporal patterns must be satis�ed simultaneously.

4.1.1. SPATIAL MEASURE

We summarize the spatial characteristics of training dynam-
ics by averaging multiple predictions made by the model
throughout model training, as follows:

P ( i ) = 1=jT j
P

t 2T � ( i )
t :

Here, the setT denotes a memory bank, in which each el-
ementt 2 T speci�es a training epoch used for averaging,
and T is expected to cover the training process unbias-
edly. � ( i )

t = softmax( z ( i )
t ) represents the softmax distri-

bution given by the model at epocht, with z ( i )
t being the

C-dimensional logit vector of samplei .

We �nd that, as two-phase samples (i.e.,samples with two-
phase labels) undergo a change in predicted labels during
training,their distribution P ( i ) exhibits a clear bimodal
pattern, with probabilities of two categories signi�cantly
higher than those of others, as shown in Fig.2(B). This
spatial pattern effectively distinguishes two-phase samples
from many other types. For example, the distributionP ( i )

of node 121 is unimodal, which is preferred by training
stationarity-based methods (Pei et al., 2024b), while the
distribution of node 1016 resembles a uniform distribution.

We speci�cally design a spatial measure to characterize and
quantify the bimodal pattern ofP ( i ) , as

� ( i )
spatial := HLMO [P ( i ) ] = �

P
c2 CLMO

P ( i )
c logP ( i )

c :

Here, we propose a new entropy measure, termedLeave-
Maximum-Out entropy (LMO entropy for short), denoted
by HLMO [P ( i ) ] to measure bimodal distributions. Unlike
traditional entropy, the uniqueness of LMO entropy lies in
that it excludes the category with the highest probability
from the entropy calculation. Speci�cally, the setCLMO

includes every categoryc, except the one with the highest
probability in the distributionP ( i ) . The smaller the spatial
measure� ( i )

spatial , the clearer the bimodal pattern.

As empirically validated in Appendix B, the proposed LMO
entropy effectively captures bimodal patterns. Its rationale
is as follows:by removing the category with the highest
probability, a bimodal distribution transforms into a sharply
unimodal distribution, resulting in high entropy.

4.1.2. TEMPORAL MEASURE

We further design the temporal measure to complementally
capture the two-phase pattern. We summarize temporal char-
acteristics of training dynamics by accumulating changes of
successive predictions during training,

Q( i ) =
P

t 0;t 002T j� ( i )
t 0 � � ( i )

t 00 j;

wheret0 and t00are successive epochs in setT , with t0

being the immediate predecessor oft00. TheC-dimensional
vectorQ( i ) captures the magnitude of prediction changes
throughout training, re�ecting the evolution of predictions.
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