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Abstract

Positive and Unlabeled (PU) learning is a special case of binary classification with
weak supervision, where only positive labeled and unlabeled data are available.
Previous studies suggest several specific risk estimators of PU learning such as
non-negative PU (nnPU), which are unbiased and consistent with the expected
risk of supervised binary classification. In nnPU, the negative-class empirical
risk is estimated by positive labeled and unlabeled data with a non-negativity
constraint. However, its negative-class empirical risk estimator approaches 0,
so the negative class is over-played, resulting in imbalanced error rates between
positive and negative classes. To solve this problem, we suppose that the expected
risks of the positive-class and negative-class should be close. Accordingly, we
constrain that the negative-class empirical risk estimator is lower bounded by the
positive-class empirical risk, instead of 0; and also incorporate an explicit equality
constraint between them. We suggest a risk estimator of PU learning that balances
positive and negative classification error rates, named DC-PU, and suggest an
efficient training method for DC-PU based on the augmented Lagrange multiplier
framework. We theoretically analyze the estimation error of DC-PU and empirically
validate that DC-PU achieves higher accuracy and converges more stable than other
risk estimators of PU learning. Additionally, DC-PU also performs competitive
accuracy performance with practical PU learning methods.

1 Introduction

Positive and Negative (PN) learning refers to conventional supervised binary classification trained
with positive and negative labeled data [1]. Positive and Unlabeled (PU) learning is a specific case of
PN learning with weak supervision [2} 3], where, as its name suggests, it trains a binary classifier with
only positive labeled and unlabeled data but negative labeled data are unknown [[1]]. The paradigm
arises in various real-world scenarios, such as outlier detection and information retrieval [4}5]. During
the past decade, there have been many practical PU learning methods mainly estimating pseudo-labels
for unlabeled data [6, [7, 18} 9]; and another research branch of PU learning is to formulate specific
risk estimators [10} [11} [12} [13]], while some of them can be unbiased and consistent with the expected
risk of PN learning.

To distinctly discuss the risk estimators, we first give the problem assumption of PU learning, and in
this work, we concentrate on the two-sample problem setting [14]. To be specific, positive data are
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drawn separately from unlabeled data. The completely selected at random assumption is typically
used, i.e. the positive labeled data are identically distributed as positive unlabeled data, so the
positive labeled data are drawn from the positive-class conditional distribution, and the unlabeled
data are drawn from the whole population [11, [12]]. Upon this setting, [11] suggests an unbiased
risk estimator of PU learning named uPU, which, specifically, contains a positive-class empirical
risk with positive labeled data and an unbiased negative-class empirical risk estimated by positive
labeled and unlabeled data. However, the subsequent study indicates that uPU may be overfitting
because its negative-class empirical risk estimator tends to be less than 0 during model training, so
there is a non-negativity constraint, upgrading uPU to nnPU [12]. In addition, some variants replace
the non-negativity constraint with other tricks such as absolute-value correction [15].

In this paper, we review some intriguing properties of nnPU since it is an efficient benchmark
risk estimator in PU learning. We raise a question about imbalance classification error rates
in nnPU: the negative-class empirical risk estimator approaches 0, whether the negative class is
over-played even with the non-negativity constraint, resulting in imbalanced treatment between
positive and negative classes. To respond to this question, we evaluate nnPU by designing certain
early experiments, and empirical observations suggest that the answer to the question is YES (see
details in Sec 2.2).

To upgrade nnPU, we suggest a dual-constrained risk estimator of PU learning named DC-PU, which
applies two straightforward revisions. To maintain balanced error rates between the positive and
negative classes, we suppose that the expected risks of the positive-class and negative-class should be
close. Accordingly, we constrain that the negative-class empirical risk estimator is lower bounded by
the positive-class empirical risk, instead of 0, i.e. the non-negativity constraint; and also incorporate
an explicit equality constraint between them. We suggest an efficient training method for DC-PU
based on the augmented Lagrange multiplier framework. We theoretically analyze the estimation
error of DC-PU. We also empirically evaluate DC-PU on benchmark PU learning datasets. The results
demonstrate that (1) compared with other risk estimators of PU learning, DC-PU achieves higher
accuracy and converges more stably, and (2) compared with practical PU learning methods, DC-PU
performs competitive accuracy performance.

* We empirically evaluate the problem of balancing positive and negative classification error
rates in the risk estimator nnPU.

* To solve the problem, we propose a novel risk estimator of PU learning named DC-PU that
balances classification error rates, and theoretically analyze it.

* We conduct extensive experiments to indicate the effectiveness of DC-PU.

2 Preliminaries and Analysis

In this section, we briefly review the preliminaries of PU learning; and then empirically investigate
the problem of balancing classification error rates in PU learning risk estimator.

2.1 Preliminaries of PU learning

Problem setup Formally, letx € X C R?andy € Y = {—1, +1} denote a d-dimensional input
feature and a binary label, respectively. PN learning is the standard supervised binary classification
trained using positive labeled data D,, and negative labeled data D,,:
p p i.i.d. e

Dy = {(xt,+1) |30 R plxly = +1)}

1=

iid. Ny,

D, = {8~ [ xR p(xly = -1 "
where n,, and n,, represent the numbers of the positive and negative labeled samples, respectively,
and each sample is drawn independently and identically distributed from its corresponding class
conditional distribution.

PU learning is a special weakly-supervised binary classification trained using positive labeled data
D, and unlabeled data D,,. In this work, we concentrate on the two-sample problem setting [14]. The
completely selected at random assumption [16] is applied, so D,, and D,, are drawn independently
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Figure 1: False positive rate and false negative rate on 4 benchmark PU learning datasets.

and identically distributed from the positive-class conditional distribution and the whole population:

i.i.d. "p
D, = { (1) |3 K plxly = +1)}
d Mu

D, = { () | K px)

where n,, denotes the number of unlabeled samples.

Risk estimators The objective is to induce a classifier g : X — ) that can predict the labels for
any future samples. Let £ : X x ) — R be a loss function such as cross-entropy. In PN learning,
its expected risk can be formulated as follows:

R(g) = 7R} (9) + (1 — )R, (9), (1

where 7 represents the positive class prior p(y = +1); R} (9) := Exwp(x|y=+1) [¢(g9(x),+1)]

and R;; (9) := Exp(xly=—1) [£(9(x),—1)]. Given D, U D,,, the approximation of Eq.(I), i.e. the
empirical risk, is given below:

Rpx(g) = 7R} (9) + (1 — )R}, (9) @)

where R (g) := 25207, [£(g(x?), +1)] and Ry (9) = =570, [0(g(x). ~1)-

In PU learning, the negative labeled data are unavailable, so its corresponding risk R, (g) can be
optimized by no means. Thanks to the completely selected at random assumption [[16], we have
p(x) = mp(xly = +1) + (1 — m)p(x|y = —1), leading to 7R, (9) = R, (9) — 7R, (g), where
R, (9) = Exmp(x|y=+1) [¢(g9(x),—1)]. Accordingly, given D, U D,,, the expected risk R(g) of
Eq[T]can be approximated by an unbiased empirical risk for PU learning (uPU) [11]]:

Rupulg) = 7R} (9) + Ry (9) — 7R, (9) 3)

where Ry (g) i= =300 [£(g(x), —1)] and By (9) := =372, [£(g(x?), —1)].

Unfortunately, uPU suffers from severe overfitting because the term R, (g) — 7R, (g) often continues
to decrease and goes negative during model training. To alleviate this problem, [[12]] proposes a
non-negativity constraint on this term, leading to a non-negative risk estimator for PU learning (nnPU)
formulated as follows:

~

Ruwpu(g) = 7R} (9) + max{0, R, (9) - 7R, (9)} “
2.2 Empirical Observations of nnPU

We revisit nnPU that the term R, (g) — 7R, (g) is used to approximate (1 — )R, , however, it often
continues to rapidly decrease and be truncated by 0 with the non-negativity constraint [12]. Therefore,
we raise the question of whether the negative class is over-played, potentially resulting in imbalance
between generalization errors of the positive-class R;r and the negative-class R, . To answer this

question, we empirically measure R; by False Negative Rate (FNR) and R,; by False Positive Rate



(FPR) given available labeled data {(x;, y;)}7 ;:

R+~ FNR = izt 10 = +1Ag(xi) = —1)
g S Iy = +1)
=1 Yi
R- ~ FPR = izt 10 = —1Ag(xi) = +1) )
" S Iy = —1) ’

where I(-) denotes the indicator function.

We conducted early experiments on 4 benchmark PU learning datasets (see details in Sec 5.1).
Specifically, for each dataset, we apply nnPU to train a classifier g and report the scores of FNR
and FPR measured on both the training and test sets. As depicted in Fig[I] we can observe that the
scores of FPR are consistently lower than those of FNR in all the settings, and the gaps between them
are significantly large in some cases. For example, in terms of CIFAR-10-1 and F-MNIST-2, the
scores of FPR are about 0.3 ~ 0.4 and 0.2 ~ 0.3 lower than those of FNR on the test sets. These
empirical results validate that the classifier trained by nnPU tends to predict more accurately for
the negative-class than the positive-class, resulting in the imbalanced classification error rates

problem. This phenomenon is consistent to the previous finding that the term 1:2; (9) — Wffz? (g) of
nnPU often approaches 0 [12], so as to over-play the negative-class.

3 Balancing Classification Error Rates in PU Learning

In this section, we propose a PU risk estimator of PU learning named DC-PU, which balances positive
and negative classification error rates.

3.1 Dc-pru PU Risk Estimator

We empirically validate that nnPU may result in the imbalance problem between R;)L and R, because
the empirical estimator of 7, is lower than that of R;. To solve this problem, in DC-PU we suppose
that R; and I;; should be close, so we have two equality constraints on their empirical estimators.

Specifically, we revisit the empirical estimators of R;f and R, in nnPU as follows:

(R; (9) — 7R, (9))

1—m

Rf~Rf; R, ~ , (6)

and have weak and strong equality constraints on them. First, the weak constraint is that

W is dynamically lower bounded by the fixed state of ]§+, denoted by w, rather

than the non-negativity constraint in nnPU. Accordingly, we can reformulate the empirical risk as
follows:

Rocsolg) = 7Ry (9) + max {w, R; (9) — 7R (9) } %

where w is dynamically updated during classifier training. Second, the strong constraint is an explicit
equality constraint. Upon these ideas, our DC-PU is finally formulated as follows:

R, (9) — 7R, (g)
11—

min Fﬁ;(g) + max {w, Rj (9) — WE; (g)} s.t. ﬁ;(g) = 8)

g9

Training DC-PU is intractable to optimize because it involves an explicit equality constraint. To
this end, we suggest an efficient training method with the augmented Lagrange multiplier framework.
Following [17]], we can transform Eq.(8) into the following augmented Lagrange problem:

~ ~ 2
~ ~ ~ ~ R, (g) — 7R, S)

min 7R (g) + max {w. By )~ 7R (0)} + 7| B (g) - DT 0) O Lo

where || - || denotes the {2 norm; O is the Lagrange parameter; and 7 is the penalty parameter.

Accordingly, we can directly apply any gradient-based method to optimize Eq.(9) with respect to
{g.0}.



Algorithm 1 Training of DC-PU

Input: PU learning dataset D, U D,,; method parameters 3, 7, v; number of iterations 7".
Output: A trained classifier g.

1: Initialize g with pre-trained backbone and © randomly

2: fort=1,2,...,T do

3:  Draw a mini-batch D(t) U tht) from D, U D,

4:  Compute RJr (9;:D (t)) Ry (g; D(t)) and ﬁ; (g; Dl(f))

5:  Update w(t) by using Eq.(10)

6 ifR;(g; D) — TR, (9; D;,t)) > w® — ~ then

7: Compute the stochastic gradient V£

8: else R R

9: Compute the gradient VL as V, (R; (g; fo)) - R, (g; D,(f)))
10:  endif

11:  Update g with V4L and any adaptive learning rate method
12:  Update © by using Eq.(TT)
13: end for

To handle large-scale data, we employ the stochastic gradient decent method. At each iteration
t, we draw a mini-batch Dl(f) UDY from D, U Dy, and compute R} (g; Dl(f)), R (g; fo)), and

]?i; (g; Dg)). In terms of w, we update it with an exponential moving average trick:

=B+ (1= B)(1 - m)RE (g: DY), (10)
where (3 is the moving parameter. In terms of g, we update it with the stochastic gradient formed by

D,(,t) U fo) and solve the max operator by the rollback strategy suggested by [12]]. In terms of ©, it
can be updated as follows:

Y

B PO\ _ _p—r,. )
@(t) :@(t_l) + 7 <§;(97D‘z(7t)) N Ru (97Du )1 7TRp (g,Dp )>
— T

For clarity, we summarize the full training process of DC-PU in Algorithm 1.

3.2 Theoretical Analysis

In this section, we analyze the bias, consistency, and estimation error of DC-PU given in Eq.(§) (all
proofs are in Appendix [A).

We first clarify some symbols for the following analyses. Let G be a hypothesis space that satisfies the
boundedness property, characterized by the existence of a constant C;; > 0 ensuring sup ¢g [|9/oc <
Cy and closure under negation. On this space, we define a loss function £ : R x £1 — R+ that
exhibits L,-Lipschitz continuity and is bounded by a constant Cy > 0, such that ¢{(t,y) < Cy
holds for all |t| < Cy and y € £1. To ensure the learning feasibility, we impose three additional
conditions: a separability condition requiring the existence of > 0 such that inf,cg R, (9) > «,
the upper bound condition requiring the existence of 3 > 0 such that 0 < sup g R (9) < pB,and a
complexity condition constraining the Rademacher complexity of G to satisfy R, (G ) 01/ /np)
and R, (G) = (1/. /nu) With the DC-PU risk of Eq.(8), we can partmon all p0551ble (Dp,Dy)
into ®f = {(D, )\R()—WR( >wland ®, = {(D, |R( ﬂp(g) w}
where w is decided by (1 — W)R;f( ).

Lemma 3.1. Rpc.pu(g) is positively biased from R(g) with a non-zero probability P(®,(g)) over
repeated sampling of (D, D,,), which can be bounded by

2(1 — m)*(a — B)*/C}
a1/, t > ) (12)

P (g)) < exp (

Based Lemma[3.1] we can present the exponential decay of the bias and also the consistency for the
Dc-puU risk of Eq.(8) with the following theorem.



Theorem 3.2. Denote the bound of P(D (g)) in Eq.(12) by A, ' = max(m,1 — ) and Xn, n, =
21/ /Ty + 1/+/Ty. It holds that

0 < Ep, p, [Roesu(9)] — R(g) < 7'C,A (13)
For any § > 0, it has with probability at least 1 — §
| Bocpu(g) = R(9)| < Csxnym, + 7' CeAd (14)
and with probability at least 1 — § — A
| Bocru(9) = R(9)] < CsXnyn, (15)

where Cs = Cy+/In(2/6)/2.

Theorem [3.2|indicates that for fixed g, }A?,DC_pU(g) — R(g) with a convergence rate O, (7/,/np +

1/4/m), which is optimal according to the central limit theorem. It means that the proposed DC-PU
risk in Eq.(8)) is a biased yet optimal estimator to the PN risk.

Theorem 3.3. Let g* = arg mingegR(g) is the minimizer of the true classification risk in Eq.E] and

JDc-pu = arg mingegRDC_PU (g) denotes the minimizer of the risk form in Eq. Denote the bound of

P(D;(9)) in Eq.(I2) by A, 7’ = max(m,1 — 7) and Xn, n, = 27/\/fp + 1/\/Teu. Then for any
0 > 0, it holds with probability at least 1 — 0:

R(/g\DC—PU) - R(g*) §16L2mnp,pp (g) + SLZmnu ,p(g) + QCanwnu + 27T/C€A (16)

where C§ = Cy4/In(1/6) /2.

Theorem [3.3] establishes the fundamental generalization bound that explains DC-PU’s superior
performance through four distinct components: two Rademacher complexity terms R, ,(G) and
Ry, .p,(G), a sampling fluctuation term Xy, ,,, and a distribution discrepancy term A. Under
standard assumptions, as n,, n, — oo, two Rademacher complexity terms gradually decrease and
converge to zero, and so does the sampling fluctuation term Xy, , . The bias term A is independent
of sample size and can be treated as a constant. Consequently, as n — 0o, R(gpc—pu) — R(g").
Additionally, the convergence rates of the first and second terms are governed by the Rademacher
complexities Ry, ,(G) and R,,, ;, (G), corresponding to rates of O(1/,/m;,) and O(1//n.,), re-
spectively. The fluctuation term Xy, », contributes an additional rate of O(1/,/n, + 1//ny,).

Consequently, the overall convergence rate is characterized by O (max(l //Tips 1/ 4 /nu)). It indi-
cates that DC-PU achieves minimax optimal convergence while maintaining balanced performance,
contrasting with methods that optimize overall accuracy at the expense of class balance.

4 Related Works

Recent years have witnessed significant advancements in PU learning, with research on risk estimators
playing a pivotal role in its theoretical foundation. uPU [11]] presents a solution to PU learning
problems by constructing an unbiased risk estimator, which lays the theoretical foundation for future
research. However, when models become complex, the unbiased risk estimator produces negative
empirical risks, resulting in overfitting problems. To address this, nnPU [[12]] reduces overfitting
by adding non-negative constraints on negative risks. Following this, abs-PU [15] introduces a
simplified method using absolute value correction to handle non-negative constraints. Building on
these works, Dist-PU [13] adopt a novel perspective by aligning predicted and ground-truth label
distributions to address negative prediction bias. A recent contribution, FOPU [18], extend the risk
estimator framework by incorporating fairness constraints to address group fairness problems in text
classification while maintaining model performance. Handling imperfect annotations has also been
studied in related weakly-supervised settings [19, 20} 21} 22]].

Beyond risk estimator-based approaches, researchers explore various strategies in PU learning.
Sample selection methods focus on identifying reliable negative instances from unlabeled data, exem-
plified by the probabilistic estimation approach in PUbN [23]] and the dynamic weight adjustment
mechanism in Robust-PU [24]. The recent VQ-Encoder [25]] learns disentangled representations



Table 1: Detailed characteristics of datasets.

Dataset #Input #Train ~ #Test T Positive Class Backbone
F-MNIST-1 28 x 28 60,000 10,000 0.3 1,47 5-layer MLP
F-MNIST-2 28 x 28 60,000 10,000 0.7 0,2,3,5,6,8,9 5-layer MLP
CIFAR-10-1 3x32x32 50,000 10,000 04 0,1,8,9 12-layer CNN
CIFAR-10-2 3x32x%x32 50,000 10,000 0.6 2,3,4,5,6,7 12-layer CNN

Alzheimer 3 x 224 x 224 5,121 1,279 0.499 0,1,3 ResNet-50

from a representation learning perspective to achieve clustering separation of unlabeled data. An-
other category comprises generation-based methods, such as GenPU [26], which utilizes generative
adversarial networks to synthesize negative samples. Recent studies also integrate self-supervised
[27] and predictive trend detection [8] frameworks to enhance feature representations.

In contrast to these approaches, our method specifically addresses the problem of excessive negative
class emphasis in PU learning, which can result in disparate treatment between positive and negative
classes. Accordingly, we propose DC-PU, a balanced and robust risk estimator.

S Experiments

In this section, we compare the performance of DC-PU with existing risk estimators on commonly
used benchmarks.

5.1 Settings

Datasets To comprehensively evaluate the proposed method, we conduct experiments on two
widely-adopted benchmark datasets: Fashion-MNIST (F-MNIST)[28]] and CIFAR-10[29], along with
a real-world medical dataset Alzheimer. Based on the characteristics of different datasets, we design
corresponding model architectures as backbone networks following nnPU [[12]. Given that these
datasets are originally designed for multi-class classification tasks, we transform them into binary
classification problems by partitioning the class labels into positive and negative categories. Table|[T]
presents detailed statistics of each dataset.

Baseline methods To evaluate the balance of classification error rates in our proposed risk estimator,
we select five classical risk estimator methods for comparison: uPU [11], nnPU [12], abs-PU [15]],
Dist-PU [13]], and FOPU [18]]. Given that our focus is on the assessment at the risk estimator level, we
simplify the regularization terms in Dist-PU and FOPU to construct their baseline versions, Dist-PU*
and FOPU*. The details of baselines are presented in the Appendix [B] All experiments are conducted
on a server equipped with two Nvidia RTX4090 GPUs.

Evaluation metrics Here, we measure the classification performance by employing Micro-F1
and Macro-F1, where higher scores indicate better performance. Besides, we measure the balance
performance by employing the GAP between FNR and FPR, formulated as follows:

GAP = |[FNR — FPR| (17)

For the GAP metric, lower scores imply better performance.

5.2 Comparing with Existing Risk Estimators

From the perspective of error rates, the GAP metrics delineated in Fig[2] provide crucial insights
into the performance of different PU risk estimators in balancing classification error rates. The
GAP between FPR and FNR demonstrates that DC-PU consistently maintains lower values across
all four benchmark datasets (CIFAR-10-1, CIFAR-10-2, F-MNIST-1, and F-MNIST-2), indicating
superior performance in balancing classification error rates. For example, in the F-MNIST-1 dataset,
Dc-PU (denoted by the yellow line) maintains consistently low GAP values throughout the training
process, ultimately converging to approximately 0.05, whereas methods such as nnPU exhibit notably
higher GAP values. This exceptional performance can be attributed to the explicit equality constraint
R, (9)—mR,

in DC-PU’s objective function (specifically, }A%;; (9) = (s) ), which actively promotes

1—m



Table 2: Results of classification evaluation metrics (mean=std) on four benchmark PU datasets,
where "max" represents the maximum value achieved during training and "last" indicates the average
performance over the final 5 epochs. The highest scores are indicated in bold.

Dataset Method Micro-F1 Macro-F1
max last max last

uPU 86.61+0.004 61.19+£0.000 85.91+0.005 40.94+0.000

nnPU 88.72+0.001 86.29+0.001 88.06+£0.001 85.68+0.002

CIFAR-10-1 abs-PU 88.80+0.002 85.86+0.006 88.27+0.003 85.29+0.007
Dist-PU* 89.14+0.000 86.43+£0.007 88.73£0.000 86.00£0.007

FOPU* 88.49+0.001 82.53+0.002 87.88+0.002 82.09+0.002

Dc-pru 89.37+£0.001 88.46+0.007 88.84+0.001 88.11+0.006

uPU 87.53+0.007 41.62+0.001 86.98+0.007 31.79+0.003

nnPU 88.10+£0.001 85.26+0.01 87.42+0.001 84.51£0.011

CIFAR-10-2 abs-PU 88.59+0.000 85.29+0.005 87.97+0.001 84.76+0.004
Dist-PU* 88.23+0.001 85.15+0.002 87.58+0.001 84.56+0.002

FOPU™ 87.83+0.001 82.53+0.005 87.41+£0.001 82.09+0.005

Dc-pru 88.60+0.001 87.03+0.003 88.02+0.001 86.53+0.004

uPU 90.90+0.002 74.14+0.002 88.81+0.004 54.85+0.012

nnPU 90.92+0.000 88.06+£0.001 89.17+0.000 85.79+0.002

F-MNIST-1 abs-PU 90.87+£0.000 87.83+0.001 88.74+0.001 85.74+0.001
Dist-PU* 91.25+0.000 87.98+0.005 89.27+0.000 85.68+0.004

FOPU™ 90.91+0.000 88.50+0.004 89.03+0.001 85.82+0.007

Dc-pru 91.48+0.001 89.97+0.001 89.86+0.001 88.32+0.002

uPU 85.57+0.011 49.49+0.084 83.09+0.009 48.98+0.092

nnPU 88.53+0.002 83.79+0.007 85.78+0.002 81.10+0.009

F-MNIST-2 abs-PU 88.71+0.002 83.50+0.001 86.12+0.002 81.46+0.003
Dist-PU* 88.40+0.011 84.65+0.007 86.41+£0.015 81.68+0.011

FOPU™ 88.14+0.003 84.41+0.010 85.83+0.006 81.86+0.011

Dc-puU 88.91+0.003 86.44+0.007 86.72+0.006 83.43+0.002

Table 3: Results of Micro-F1, Macro-F1 and GAP (mean4std) on Alzheimer, where "min" represents
the minimum value achieved during training. The highest scores are indicated in bold.

Micro-F1 Macro-F1 GAP
max last max last min last

uPU 71.02£0.004 63.73£0.096 70.93+0.005 61.94+£0.262  0.59+0.000  17.55%1.346
nnPU 70.23£0.002  67.87+0.055 68.98+0.002 66.61£0.203  0.46+£0.000  16.49+0.224
abs-PU 71.09£0.002  67.92+0.003  70.79+0.001  67.00£0.010  0.44+0.003  13.44+0.695
Dist-PU*  71.25£0.002 68.56x0.046 71.14+0.001 66.94£0.116  0.37£0.001  13.65+0.383
FOPU* 71.56+0.002 64.14+£0.053  71.27+0.002 60.96+£0.172  0.26£0.000  12.57+0.706
Dc-pU 71.48+£0.002  70.55+0.002 71.03£0.001  69.99+0.009  0.09+£0.000  10.79+0.294

Method

balanced prediction between positive and negative classes. This observation is further substantiated
by the results presented in Table [3| where DC-PU achieves significantly lower GAP values (0.009 at
“min" and 10.79 at “last") compared to nnPU (0.46 at “min" and 16.49 at “last") on the Alzheimer
dataset.

From the perspective of the convergence, Fig[3] and FigH] present the Micro-F1 and Macro-F1
performance trends during the training process across four benchmark datasets, respectively. DC-PU
exhibits outstanding convergence stability and final performance, as demonstrated by its consistently
higher Micor-F1 and Macro-F1 values compared to other PU risk estimator. This pattern is particularly
evident in the CIFAR-10-1 and F-MNIST-1 datasets, where DC-PU maintains a stable high F1 level.
In contrast, uPU shows significant stability issues, characterized by sharp F1 scores decline following
initial convergenc. This instability can be attributed to the unconstrained nature of uPU’s basic risk
formulation, which fails to maintain consistent performance throughout the training process. The
improved stability observed in newer methods such as nnPU and abs-PU can be attributed to their
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Figure 2: The curve of GAP during the training process on 4 benchmark PU learning datasets.
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Figure 3: The curve of Micro-F1 during the training process on 4 benchmark PU learning datasets.
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Figure 4: The curve of Macro-F1 during the training process on 4 benchmark PU learning datasets.

enhanced risk estimators, which incorporate non-negative constraints or absolute value corrections,
effectively preventing model overfitting. Moreover, the results presented in Table 2] further substantiate
the convergence advantages, with DC-PU consistently achieving superior Micro-F1 and Macro-F1
scores across all four datasets, both in terms of “last" and “max" performance metrics. Specifically, on
the CIFAR-10-1 dataset, DC-PU attains a maximum Micro-F1 of 0.892 and final Micro-F1 of 0.875,
surpassing the next best performer (nnPU) by margins of 0.043 and 0.038 respectively. Similarly, for
Macro-F1 scores, DC-PU demonstrates exceptional performance on F-MNIST-2, achieving 0.901 at
“max" and 0.889 at “last", while competing methods such as uPU and nnPU only reach maximum
values of 0.847 and 0.862 respectively. This performance differential is particularly pronounced in
the CIFAR-10-2 dataset, where DC-PU maintains consistently superior metrics with a maximum
Micro-F1 of 0.903 and Macro-F1 of 0.897, representing improvements of approximately 5.2% and
4.8% over the baseline methods.

To further validate the effectiveness of our proposed method, we incorporated the additional regular-
ization term inspired by Dist-PU into the aforementioned five risk estimators for comparison as well
as our risk estimator. Due to the space limitation, the details are presented in the Appendix

5.3 Parameter Sensitivity

We conduct a comprehensive parameter sensitivity analysis with respect to the parameters 7 and /3,
and the results are presented in Fig[5] For the parameter 7, our experiments show optimal performance
at 2 x 1072 across most datasets, which aligns with our theoretical analysis that moderate penalty
parameters achieve balance between constraint strength and optimization stability. For the parameter
B, we find that the range [0.4, 0.5] performs optimally across different datasets, which is significant
because (3 controls the update speed of dynamic lower bound. Too small value of 3 leads to overly
loose constraints losing the balancing effect, while too large value of /3 causes optimization instability.
Our experiments demonstrate that DC-PU exhibits relative robustness to these hyperparameters,



Table 4: Results of ablative study (mean+std). The highest scores are indicated in bold.

Variant (a) (b) CIFAR-10-1 CIFAR-10-2 F-MNIST-1  F-MNIST-2 Alzheimer

I 88.72+0.001  88.10+£0.001  90.92+0.000  88.53+0.002  70.23+0.002
II v 89.25£0.001  88.42+0.000  91.43+£0.000  88.56+0.001  70.94+0.001
I v 88.90+£0.001  88.60+0.001 91.21+0.000  88.88+0.001  71.33+0.006
v v v 89.37+0.001  88.60+0.001 91.48+0.001 88.91+0.003 71.48+0.002
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Figure 5: The parameter sensitivity analysis with respect to the parameters 7 and 5 on 4 benchmark
PU learning datasets.

with parameter variations within reasonable ranges not significantly affecting performance, further
validating the practicality of our method.

5.4 Ablation Study

We conduct ablation studies on five datasets to evaluate the impact of two key constraints: the weak
constraint (a) and the strong constraint (b). Variants I-IV are designed to investigate the effects
of these two constraints. The experimental results demonstrate that employing either the weak or
strong constraint independently enhances model performance: Variant II with the weak constraint
shows consistent improvements across all datasets, while Variant III with the strong constraint
exhibits particularly notable performance on CIFAR-10-2 and F-MNIST-2. When both constraints are
combined (Variant IV), the model achieves optimal performance, reaching 89.37% on CIFAR-10-1,
88.6% on CIFAR-10-2, 91.48% on F-MNIST-1, 88.91% on F-MNIST-2, and 71.48% on Alzheimer,
which not only validates the complementary nature of these constraints but also substantiates the
effectiveness of our proposed DC-PU.

6 Conclusion

In this paper, we observe a issue of balancing classification error rates in PU learning where the
non-negativity constraint in nnPU leads to over-emphasis of the negative class. To address this, we
propose DC-PU, a novel risk estimator that balances the error rates between positive and negative
classes through two key constraints: a dynamic lower bound constraint and an explicit equality
constraint. Through theoretical analysis and extensive experiments on benchmark datasets, DC-PU
demonstrates improved evaluation metrics and stability across all datasets while balancing error rates
between positive and negative classes compared to existing methods, establishing itself as an effective
approach for achieving both high evaluation metrics and balanced classification error rates in PU
learning.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We have succinctly outlined the contributions of this paper in both the abstract
and introduction sections, and the results presented in the experiments section robustly
substantiate the effectiveness of our proposed method achieving balanced error rates between
positive and negative classes in PU learning.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We have created a separate "Limitations" section in our paper, the details can
be found in Appendix [D.T}
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

13



Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: We analyze the bias, consistency, and estimation error of DC-PU in Subsection
[3.2] All theoretical results are clearly supported by rigorous mathematical derivations in

Appendix [A]
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have elaborated on the implementation principles and details of the
method to facilitate the reproduction of the main experimental results presented in our paper.
Additionally, we have submitted our code and datasets in the Supplementary Material.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: We have submitted our code and datasets in the Supplementary Material.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide detailed descriptions of all necessary training and testing proce-
dures in Section[5.1and Appendix [B] Furthermore, all experimental setup details can be
readily found in the submitted code.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the results regarding the standard errors of the mean in our experi-
ments and ensure that our paper contains the calculation method for standard errors along
with other essential information related to them.
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8.

10.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We have provided sufficient information on the computer resources needed to
reproduce our experiments in Section[5.1]

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We ensure that our research adheres to the NeurIPS Code of Ethics in all
aspects.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justification: We have created a separate "Broader Impacts" section in our paper, the details
can be found in Appendix [D.2]

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper pose no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have provided proper citations for all models, code, and datasets utilized in
our paper.

Guidelines:

* The answer NA means that the paper does not use existing assets.
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14.

15.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We have submitted the proposed new assets in the Supplementary Material.
And the submitted files include structured explanatory documents regarding these new
assets.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
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Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Proof of Theorems

A.1 Proof of Lemma[3.1]
Proof. Let F(D,), F(D,,) be the cumulative distribution function of D, and D,,, respectively, and

F(Dp,Dy) = F(D,) - F(D,,) be the joint cumulative distribution function of (D,, D,,). Based on
the unbiased fact of R, py(g) and Rpcpu(g) — Rupu(g) = 0 on D (g), it holds

~

E[Rpcry(9)] = R(9) = E[Rpcro(9) = Rupu(g)]

o iy oo (@) = Rur )y, D)
p:Pu)EDw (g

+ / Roero(9) — Rupu(9)dF (D, D)
(Dp,Du)ED L (9)

= / EDC—PU(Q) - EuPU(g)df(Dpvpu)'
(Dp,Du)ED (9)

Due to the fact Rpepu(9) — Rupu(g) > 00n D7 (9), E[Rpe-pu(g)] — R(g) > 0 with the probability

P(D(9) = f(Dp p.)eo= (9) F (Dp, Dy). In other words, Epc-py(g) is positively biased with the

probability P(D_ (g)). Given the assumptions R,, (g) > a > 0and 0 < ﬁ; (9) < B, we have
E[R, (9) — 7R, (9)] = R, (9) — 7R, (9) = (1 - m) R, (9) = (1 - m)a

and

P (R.(9) — 7R, (9) < (1 = mB; (9))

<P (Ril9) R, (9) < (1= MR; (g) — (1= ma+ (1= )R} (9))
P ((1=mR; (9) ~ (R (9) ~ 7R, (9) = (1 = m)a — (1= )R} (9))

<P ((1=mR;(9) ~ (Ri(9) ~ 7, (9)) = (1 - m)(a — B))

According to the assumption 0 < ¢(¢,+£1) < Cy, the change of }AE; (g) will be no more than

Cy/nyp and the change of R; (g) no more than Cy /n,, if we replace some (xP,+1) € D, or some
(x¥,y*) € D,. Subsequently, based on McDiarmid’s inequality, it holds
2(1 —m)*(a - B)° )

P (=M (0) = (Ralo) = 7Ry (9) > (1= m)(a = 3)) < exp (0= D

_ 2(1 — m)*(a — B)?/C}
emp(— Y . £>.

O

A.2 Proof of Theorem

Proof. Based on Lemma[3.T]and its proof, we can obtain the exponential decay of the bias in Eq.(T3)
by

~

Ep, . [Bocrs(@)] — R@) < swp (Boew(g) — Bupule)) / dF(D,,D.)
(Dp,Du)E’D;(g) (Dp,Du)EQJ(g)

=  sup  ((L-m)RS(9) + 7R, (9) — Ry (9)) P(D;(g))
(Dp,Du)€ED (9)

= sup  ((1-mR}(g9)+7(Ce— Rf(9)) — Ry (9)) P(D(9))
(Dp,Du)ED (9)

= sup (rCe + (1 —2m) R} (9) — Ry (9)) - P(D5 (9))
(D, D.)EDS (9)

< ﬂ',OgA,
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where 7' = max(m, 1 — ).
The deviation bound in Eq.(T4) is obtained by:
Roc.ru(9) = R(9)| < |Bocnu(g) — ElRpero(g))| + |ElRocru(9)] = Rlg)
< | Rocrulg) — Elfpe.(g)]| + 7'Ce.
According to the assumption 0 < #(¢,+1) < Cy, the change of ﬁDC_PU (g) will be no more than

2Cy/n,, or Cy/n,, if we replace some (x¥, +1) € D, or some (x¥,y¥) € D,. Subsequently, based
on McDiarmid’s inequality, it holds

’p(‘ Rpero(g) — E[ﬁnc.pu(g)}‘ <€) <2exp ( 1y (2Cem /nf)i nu(Cy /nu)> ’

or equivalently, with probability at least 1 — §

~ ~ In(2/6)C2 [4m2 1 27 1
) — E[Rpc. ‘ <y A — =) < = CsXnyp.n-
‘RDC PU(g) [RDC PU(g)] = \/ 9 n, + ) = Cs \/@ + e Csx M
On the other hand, the deviation bound Eq.(T3) is given due to

|Rocrolg) = B(9)| < |Rocrols) = Ruru(9)| + |Ruru(e) - Rlg)

b

~

where ‘ﬁDc_pU(g) — Rupru (g)‘ > 0 with the probability at most A, and ‘EHPU(g) - R(g)‘ shares

the same concentration inequality with ’}A%Dc_pu(g) — E[Rperu(9)] ’ O

A.3 Proof of Theorem

Proof. We follow the spirit of proving Lemma 5 and Theorem 4 in [12]] to give the proof of Theorem

. ecifically, with the assumption of inf,cg R (g) > « > 0, Theorem [3.2|an cDiarmid’s
3.3| Specifically, with th pti finf,eg R, 0, Th 3.2|and McDi id’
inequality, we have

sup EDC-PU(g) - R(g)’ < sup ﬁDC-PU(g) —E [ﬁDC-PU(g)} ‘ + WICZA; (18)
geSG geg
and with probability at least 1 — §
sup ﬁDC—PU(g) —-E [-Z/%DC—PU(Q)} ’ —-E [Sup EDC—PU(Q) -E [EDC—PU(Q)} ‘:| < C:anp,nu~ (19)
geyg geG
Given a ghost sample (D,,, D;,), it holds

E {SUP Rperu(g) —E [ﬁncfpu(g)] ” <Ep,,p.),(0,D,) {Sulg ’EDC—PU(Q;DmDu) - EDGPU(QQID;?D;)
ge

g€g
(20)
. For the DC-PU risk

The main difference is to decompose ‘EDC_pU(g; D,,Dy) — ﬁDC_pU(g; D,,D,)

given in Eq.(8), we have
‘EDC-PU (95 Dy, D,) — EDC—PU (9 'D;), D;)

~

= ‘wﬁg(g; D,) — ﬂﬁ;(g; D,,) + max {w, R, (g;Dy) — wﬁ; (g; Dp)} — max {w’, R;(¢;D,) — ﬂ'f{zj (g; D;))H
= ‘ﬂfz;f(g;Dp) — 7R} (g: D))
+ max {0, R;(9:Dy) — ’/TE; (9;Dp) — w} — max {0, R;(¢:D.) — 7r1§; (9: D) — w'} +w—uw

< ﬂ‘f%;(g;%) ~ R} (g; D))

~ ~

R, (9:Du) — R, (9;D,,)

+ W‘R; (9:Dp) — R, (9:D,,)

_|_

+2(1 - m)| B (D) - By (9 D})

= (2= )[R} (9:D,) - B} (9:D))| + 7| R, (6: D)) - Ry (05 D))

+ | Ry (9:Du) - Ri (9 D))

)
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where we employed | max{0, z} — max{0, z’}| < |z — 2’| and the fact that w is decided by (1 —
m) R} (g; Dp). This decomposition results in
E [SUIQ) ﬁDC—PU(g) —E {EDC—PU(Q)} H <(2- W)EDP,D;) |:Sulg) ‘ﬁ;(g;pp) - ﬁ; (QQD;)) :|
S ge

} 2n

+7Ep, p1 {816113 R, (9:D,) — R, (9:D})
g

+Ep, p, [Sup R, (9:Dy) — Ry (9;DL)
geg

Combining Eqgs.(T8), (I9), 1) and the proof of Lemma 5 in [12], for any § > 0, it holds with
probability at least 1 — ¢

Sng) EDC—PU (9) - R(Q)’ < SLZmnp,pp (g) + 4L£mnu,p(g) + O(ISan,nu + W/CEA- (22)
IS

Then we obtain the estimation bound through
R(Gocn) = B(g") = (Rpers (Goen) = Bocr(9))
+ (R@bcre) = Rpeso(vere) )
+ (Rperls”) - Rg")
< 0+ 2sup | Rperu(g) - R(g)‘
9€g

< 16L€%np,pp (g) + 8L6%nu,p(g) + 2C(§X7zp,nu + 27FIO€A7

where ]/%DC,PU (gpcru) < EDC_pU (¢g*) by the definition of gpc.py- O

B Baseline Methods

To evaluate the balance between positive and negative classification error rates of our proposed risk
estimator, we select five classical risk estimator methods for comparison: uPU [11], nnPU [12],
abs-PU [15], Dist-PU [13]], and FOPU [18]].

» Unbiased Positive-Unlabeled Learning (uPU) [[11]]: An unbiased and convex optimization
framework for PU learning, eliminating bias through the strategic application of distinct loss
functions to positive and unlabeled samples.

Rupu(g) = 7R} (9) + R, (9) — 7R, (g)

* Positive-Unlabeled Learning with Non-Negative Risk Estimator (nnPU) [12]]: it introduces
a non-negative risk estimator that addresses the overfitting problem in PU learning by
explicitly constraining empirical risks to be non-negative.

Ruwpu(g) = 7R (9) + max{0, Ry (9) — 7R, (9)}

* Absolute Positive-Unlabeled Learning (abs-PU) [15]]: it simplifies the non-negative risk
constraint in nnPU through absolute-value correction.

~

Raps—pu(g) = 7R} (g) + ’R; (9) — 7R, (g)‘
* Positive-Unlabeled Learning from a Label Distribution Perspective (Dist-PU*) [[13]]: it

learns a classifier by aligning the predicted and ground-truth label distributions, mitigating
the negative-prediction bias prevalent in conventional PU learning methods.

Rpisi—pu(g) = 27T§Z (9) + ’ﬁl (9) — W‘
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* Fairness-Aware Online Positive-Unlabeled Learning (FOPU*) [18]: it addresses fairness
issues in text classification by introducing a convex fairness constraint, improving predic-
tion fairness across different demographic groups while maintaining model performance.
Additionally, we adapt the fairness constraint mechanism from FOPU, originally designed
for sensitive attributes, to the framework of class fairness.

EFOPU (9) = ﬁnnPU + Efair

Furthermore, to verify the effectiveness of DC-PU, we select three PU additional learning baselines,
including MIXPUL [30], PULNS [77], and P3*Mix [6]].

» Consistency-based Augmentation for Positive and Unlabeled Learning (MIXPUL) [30]:
it achieves data augmentation in positive-unlabeled learning by combining consistency
regularization and reliable negative mining without requiring class prior probabilities. The
code provided by its authors is utilized with default parameters, i.e. « = 1, § = 1 and
n=1.

* Positive-Unlabeled Learning with Effective Negative Sample Selector (PULNS) [7]: it
optimizes the negative example selector through reinforcement learning to select negative
examples from unlabeled data and alternates training with the classifier to effectively handle
label noise issues. We take o« = 1 and § = {0.4,0.6,0.8,1.0} as suggested in its paper.

+ Positive and unlabeled learning with Partially Positive Mixup (P3Mix) [6]: it proposes
a heuristic mixup technique that selects appropriate positive samples to mix with pseudo-
negative samples near the classification boundary, achieving both data augmentation and
supervision correction. This approach helps align the learning boundary closer to the
supervised boundary. Additionally, two variants are introduced to enhance model robustness:
P>Mix-E, which employs a mean teacher to generate auxiliary target vectors for early-
learning regularization, and P3Mix-C, which directly corrects the labels of high-confidence
pseudo-negative samples.

» Latent Group-Aware Meta Disambiguation (LaGAM) [31]: it addresses PU learning by fo-
cusing on representation quality. It uses a hierarchical contrastive learning module to extract
underlying group semantics from PU data, producing more discriminative representations.
LaGAM then employs meta-learning to iteratively refine pseudo-labels of unlabeled data.

C Comparing with Practical PU learning Methods

To further validate the effectiveness of our proposed method, we incorporated the additional regular-
ization terms inspired by Dist-PU [13] into the aforementioned five risk estimators for comparison
as well as our risk estimator. First, to prevent trivial solutions where predictions cluster around
ambiguous values, an entropy minimization term L..,; is incorporated that encourages more confident
predictions on unlabeled data:

1 &

Lent = —— > 11 = g(xi)) log(1 — g(x:)) + g(x:) log g(x:)] (23)

=1
Second, to address the critical issue of confirmation bias, where incorrect early predictions get
reinforced during training, the mixup regularization term L,,,;,, is employed:

Linia = %Z [Nlbee (9(x¢7), 9(3¢12)) + (1 = X)loce (9(x7), 9 (x2)) (24)

i=1

n

where mixed samples x;, = A'x1; + (1 — X’)xg; are created using mixing coefficients A sampled from
a Beta(q, «) distribution, with A’ = max(A, 1 — ). And lpee (¢, ) = —(1—¢) log(1—¢t") — tlog(t').
Additionally, an entropy minimization term L, is introduced to the mixed samples themselves:

1 n
L = — D boee (9(x}). 9(x7)) (25)
i=1

Then, the additional regularization function is combined through hyperparameters 11, pto and pg as:
Lreg = MlLent + N?Lmiw + ,U/SL;nt (26)
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Table 5: Results of Micro-F1 (mean=std) on four benchmark PU datasets after adding the regulariza-

tion term. The highest scores among PU learning methods are indicated in bold.

Method  CIFAR-10-1 CIFAR-10-2 F-MNIST-1  F-MNIST-2
uPU™ 89.38+0.001 82.73+0.106 91.55+£0.001 86.33+0.004
nnPUT  89.46+0.001 87.66+0.001 91.66+0.001 88.41+0.001
abs-PUT  89.45+0.001 88.09+0.000 91.68+0.001 88.57+0.009
Dist-PU  89.16+£0.002 88.51+0.001 91.70+0.000 88.68+0.006
FOPU**  89.51£0.002 87.30+0.000 91.65+0.001  88.39+0.009
MIXPUL 87.00+1.900 87.00£1.100 87.50+1.500 89.00+0.500
PULNS  87.20+0.600 83.70+2.900 90.70+0.500  87.90+0.500
P3Mix-E  88.20£0.400 84.70£0.500 91.90+0.300  89.50+0.500
P3Mix-C  88.70+0.400 87.90+0.500 92.00+0.400  89.40+0.300
LaGAM  89.91+0.300 87.98+1.400 90.15+0.013  80.88+0.084
Dc-PUT  89.54+0.002 88.99+0.001 92.73+0.001 89.41+0.005

The experimental results are presented in Table [5] The methods marked with "+" indicate the
incorporation of additional regularization terms. As shown in Table [5, Dc-PU * achieves highly
competitive performance across all four benchmark datasets. Notably, on the F-MNIST-1 dataset,
Dc-PU + reaches the highest Micro-F1 of 92.73%, significantly outperforming other methods. The
only exception occurs on F-MNIST-2, where DC-PU * achieves a high Micro-F1 of 89.41% but
slightly trails behind 89.50% of P3Mix-E, with a marginal difference of only 0.09 percentage points.
Moreover, all methods marked with "+" demonstrate more stable performance compared to their base
versions. These results validate that incorporating the regularization term from Dist-PU can indeed
enhance model performance, not only improving Micro-F1 but also strengthening model stability.

D Limitations and Broader Impacts

D.1 Limitations

While DC-PU is evaluated on both synthetic and real-world datasets (e.g., Alzheimer), most benchmark
datasets used in our study (such as CIFAR-10 and F-MNIST) are originally designed for multi-class
classification and are converted into binary classification tasks by partitioning class labels. This
transformation simplifies the evaluation setting and may not fully reflect the complexity of real-world
positive-unlabeled scenarios involving inherently multi-label or structured data. In future work,
we plan to explore the application of DC-PU in more complex PU learning settings beyond binary
classification.

Furthermore, our definition of fairness focuses solely on equalizing risks between positive and negative
classes. This form of fairness does not incorporate demographic or group-level considerations, which
are essential in socially sensitive applications. Extending DC-PU to address group fairness or fairness
with respect to sensitive attributes remains an important future direction.

D.2 Broader Impacts

The DC-PU method proposed in this paper addresses fairness issues in positive-unlabeled learning
by mitigating the bias of traditional risk estimators toward negative classes. This method enhances
the fairness and reliability of PU risk estimators. The method can be widely applied in practical
applications (such as medical screening, recommendation systems, fraud detection, etc.), improv-
ing model stability and reliability in real-world scenarios where negative samples are difficult to
obtain. However, it’s important to acknowledge that the DC-PU method relies on specific sampling
assumptions (i.e., SCAR assumption and one-sample assumption), which may not fully hold in some
real-world applications.
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