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Abstract

Weakly supervised learning aims to make machine learning
more powerful when the perfect supervision is unavailable,
and has attracted much attention from researchers. Among
the various scenarios of weak supervision, one of the most
challenging cases is learning from multiple unlabeled (U)
datasets with only a little knowledge of the class priors, or
Um learning for short. In this paper, we study the problem
of building an AUC (area under ROC curve) optimal model
from multiple unlabeled datasets, which maximizes the pair-
wise ranking ability of the classifier. We propose Um-AUC,
an AUC optimization approach that converts the Um data into
a multi-label AUC optimization problem, and can be trained
efficiently. We show that the proposed Um-AUC is effective
theoretically and empirically.

1 Introduction
Since obtaining perfect supervision is usually challenging in
real-world machine learning problems, the machine learning
approaches often have to deal with inaccurate, incomplete,
or inexact supervisions, collectively referred to as weak su-
pervision (Zhou 2017). To achieve this, many researchers
have devoted into the area of weakly supervised learning,
such as semi-supervised learning (Zhu et al. 2009), positive-
unlabeled learning (Bekker and Davis 2020), noisy label
learning (Han et al. 2021), etc.

Among multiple scenarios of weakly supervised learning,
one of the most challenging scenarios is to learn classifiers
from m unlabeled (U) datasets with different class priors,
i.e., the proportions of positive instances in the sets. Such a
learning task is usually referred to as Um learning. This sce-
nario usually occur when the instances can be categorized
into different groups, and the probability of an instance to
be positive varies across the groups, e.g., for predicting vot-
ing rates or morbidity rates. Prior studies include Scott and
Zhang (2020), which ensembles the classifiers trained on
all pairs of the unlabeled sets; Tsai and Lin (2020), which
introduces consistency regularization for the problem. Re-
cently, Lu et al. (2021) proposed a consistent approach for
classification from multiple unlabeled sets, which is the first
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classifier-consistent approach for learning from m unlabeled
sets (m > 2) that optimizes a classification loss.

In this paper, we further consider the problem of learning
an AUC (area under ROC curve) optimization model from
the Um data, which maximizes the pairwise ranking ability
of the classifier (Hanley and McNeil 1982). The importance
of this problem lie in two folds: First, we note that for cer-
tain scenarios, the ranking performance of the model is more
important. E.g., ranking items with coarse-grind rank labels.
Second, given multiple U sets with different class priors, the
imbalance issue is very likely to affect the learning process.
Thus, taking an imbalance-aware performance measure, i.e.,
AUC, is naturally appropriate for the problem.

To achieve this goal, we introduce Um-AUC, a novel AUC
optimization approach from Um data. Um-AUC solves the
problem as a multi-label AUC optimization problem, as each
label of the multi-label learning problem corresponds to a
pseudo binary AUC optimization sub-problem. To overcome
the quadratic time complexity of the pairwise loss computa-
tion, we convert the problem and solve it through a point-
wise AUC optimization algorithm. Our theoretical analysis
shows that Um-AUC is consistent with the optimal AUC
optimization model, and provides the generalization bound.
Experiments show that our approach outperforms the state-
of-the-art methods and has superior robustness.

Our main contributions are highlighted as follows:

• To the best of our knowledge, we present the first algo-
rithm for optimizing AUC in Um scenarios. It is also the
first one to address the Um problem without relying on
exact class priors. Importantly, our algorithm is simple
yet efficient.

• Furthermore, we conduct a comprehensive theoretical
analysis of the proposed methodology, demonstrating its
validity and assessing its excess risk.

• We perform experiments on various settings using multi-
ple benchmark datasets, and the results demonstrate that
our proposed method consistently outperforms the state-
of-the-art methods and performs robustly under different
imbalance settings.

The reminder of our paper is organized as follows. We
first introduce preliminary in section 2. Then, we introduce
the Um-AUC approach and conducts the theoretical analysis
in section 3, while section 4 shows the experimental results.



Finally, section 5 introduces the related works, and section 6
concludes the paper.

2 Preliminary
In the fully supervised AUC optimization, we are given a
dataset sampled from a specific distribution

XL := {(xi, yi)}ni=1
i.i.d.∼ p(x, y) . (1)

For convenience, we refer to positive and negative data as
samples from two particular distributions:

XP :={xi}nP

i=1
i.i.d.∼ pP (x) := p(x | y = +1) , and

XN :={x′
j}

nN

j=1

i.i.d.∼ pN (x) := p(x | y = −1) ,

there we have XL = XP ∪ XN .
Let f : X → R be a scoring function. It is expected

that positive instances will have a higher score than negative
ones. For a threshold value t, we define the true positive rate
TPRf (t) = Pr(f(x) ≥ t|y = 1) and the false positive rate
FPRf (t) = Pr(f(x) ≥ t|y = 0). The AUC is defined as
the area under the ROC curve:

AUC =

∫ +∞

−∞
TPRf (FPR

−1
f (t))dt. (2)

Previous study (Hanley and McNeil 1982) introduced that
the AUC equals the probability that a randomized positive
instance scores higher than a randomized negative instance
score, so that the AUC of the model f can be formulated as:

AUC = 1− E
x∼pP (x)

[ E
x′∼pN (x)

[ℓ01(f(x)− f(x′))]] . (3)

Here ℓ01(z) = I[z < 0]. Without creating ambiguity, we
will denote f(x,x′) as f(x)− f(x′) for clarity.

The maximization of the AUC is equivalent to the mini-
mization of the following AUC risk. Since the true AUC risk
measures the error rate of ranking positive instances over
negative instances, we refer to the true AUC risk as the PN-
AUC risk to avoid confusion:

RPN (f) = E
x∼pP (x)

[
E

x′∼pN (x)
[ℓ01(f(x,x

′))]

]
. (4)

With a finite sample, we typically solve the following em-
pirical risk minimization (ERM) problem:

min
f

R̂PN (f) =
1

|XP ||XN |
∑

x∈XP

∑
x′∈XN

ℓ(f(x,x′)) .

(5)

3 Um-AUC: The Method
In this paper, we study AUC optimization under Um set-
ting, which involves optimizing AUC across multiple unla-
beled datasets. Suppose we are given m(m ≥ 2) unlabeled
datasets U1, . . . ,Um with different class prior probabilities,
as defined by the following equation:

Ui = {xik}ni

k=1
i.i.d.∼ pi(x) = πipP (x) + (1− πi)pN (x) ,

(6)

where pP (x) and pN (x) are the positive and negative class-
conditional probability distributions, respectively, and πi de-
notes the class prior of the i-th unlabeled set. The size of Ui

is ni. Although we only have access to unlabeled data, our
objective is to build a classifier that minimizes the PN-AUC
risk eq. (4).

To achieve this goal, we propose Um-AUC, a novel AUC
optimization approach that learns from Um data. Unlike
the previous studies on Um classification who require the
knowledge of the class prior (Lu et al. 2021), Um-AUC re-
places this requirement by only knowing knowledge of the
relative order of the unlabeled sets based on their class pri-
ors, which is more realistic.

We next introduce the Um-AUC approach. For conve-
nience, and without loss of generality, we assume that the
class priors of the unlabeled sets are in descending order,
i.e., πi ≥ πj for i < j. Additionally, we assume that at
least two unlabeled sets have different priors, i.e., π1 > πm;
otherwise, the problem is unsolvable.

Consistent AUC Learning from Um Data
To provide a solution that is consistent with the true AUC,
we first introduce the two sets case, i.e., one can achieve
consistent AUC learning through two unlabeled sets with
different class priors. Such a result is discussed in previous
studies (Charoenphakdee, Lee, and Sugiyama 2019). Sup-
pose the two unlabeled sets are Ui and Uj with πi > πj . We
can minimize the following U2 AUC risk:

Rij(f) = E
x∼pi(x)

[
E

x′∼pj(x)
[ℓ01(f(x,x

′))]

]
(7)

by solve the following U2 AUC ERM problem:

min
f

R̂ij(f) =
1

ninj

∑
x∈Ui

∑
x′∈Uj

ℓ(f(x,x′)) . (8)

The following theorem shows that the U2 AUC risk min-
imization problem is consistent with the original AUC op-
timization problem we need to solve, i.e., we can solve the
original AUC optimization problem by minimizing the U2

AUC risk.

Theorem 1 (U2 AUC consistency). Suppose f∗ is a mini-
mizer of the AUC risk Rij over two distributions pi and pj
where πi > πj , i.e., f∗ = argminRij . Then, it follows that
f∗ is also a minimizer of the true AUC risk RPN , and thus,
Rij is consistent with RPN .

Therefore, by minimizing the U2 AUC risk under the con-
dition that only impure data sets are available, we can obtain
the desired model.

With the Um data, we can construct the following min-
imization problem by composing m(m − 1)/2 AUC sub-
problems with weights zij > 0:

min
f

RUm(f) =
∑

i,j|1≤i<j≤m

zijRij(f) (9)

which corresponds to the Um AUC ERM problem
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Figure 1: Framework Demonstration. The Um-AUC employs an efficient stochastic optimization algorithm, eliminating the
need for pairwise loss and reducing the time complexity to O(n). Additionally, it simplifies the naive solution by transforming it
into a multi-label learning problem, reducing the number of sub-problems and resulting in a more concise problem formulation.

min
f

R̂Um(f) =
∑

i,j|1≤i<j≤m

∑
x∈Ui

∑
x′∈Uj

zijℓ(f(x,x
′))

ninj
.

(10)
As well, we can theoretically demonstrate the consistency

between Um AUC risk minimization problem and the origi-
nal AUC optimization problem.
Theorem 2 (Um AUC consistency). Suppose f∗ is a mini-
mizer of the AUC risk RUm over m distributions p1, · · · , pm
where πi > πj for i < j, i.e., f∗ = argminRUm . Then,
it follows that f∗ is also a minimizer of the true AUC risk
RPN , and thus, RUm is consistent with RPN .

Similarly, the desired model can be obtained by optimiz-
ing the Um AUC risk minimization problem under the con-
dition that only impure data sets are available. This means
that the ERM in eq. (10) provides a naive solution for Um

AUC risk minimization by solving all the m(m−1)/2 AUC
sub-problems using a pairwise surrogate loss based on the
definition of the AUC score (Gao and Zhou 2015), and mini-
mizing the loss over all instance pairs that belong to different
U sets.

However, such a solution can be complex and inefficient,
especially when dealing with a large number of datasets and
a huge amount of data in each dataset. For instance, with m
datasets, we need to handle m(m − 1)/2 sub-problems ac-
cording to the definition of Um AUC risk, which can be com-
plex when m grows. Furthermore, assuming that the number
of samples is n, if a pairwise loss is used to optimize each
sub-problem, the time complexity of each epoch in train-
ing is O(n2). This means that the time consumption of the
method grows quadratically with n, making it computation-
ally infeasible for large-scale datasets. To address the afore-

mentioned issues, we propose a novel and efficient training
algorithm for Um AUC risk minimization.

Um-AUC: Simple and Efficient Learning for Um

AUC Risk Minimization
To simplify the form of naive solution to Um AUC risk
minimization, we transform it into an equivalent multi-label
learning problem, reducing the number of sub-problems to
m − 1. To decrease the time cost of training the model, we
use an efficient stochastic optimization algorithm, reducing
the time complexity from O(n2) to O(n). The proposed ap-
proach is demonstrated in the fig. 1.

Reduction in the Number of Sub-problems To reduce
the number of sub-problems, we transform the Um AUC risk
minimization problem into a multi-label learning problem
with m−1 labels. We let the samples in datasets U1, · · · ,Uk

have label 1 at the k-th position and let the samples in
datasets Uk+1, · · · ,Um have label 0 at the k-th position.

Specifically, we assign the surrogate label ȳ(k) be the la-
bel of the k-th unlabeled set Uk, where

ȳ(k) = [ 0, 0, . . . , 0︸ ︷︷ ︸
k−1

, 1, 1, . . . , 1︸ ︷︷ ︸
m−k

] (11)

has k − 1 negative labels in the front and m − k positive
labels in the rear.

Let g(x) = ŷ be the model output score for the multi-
label learning problem, and gk(x) be the k-th dimension
of g(x), which denote the output of k-th sub-problem, the
multi-label learning problem can be formalized as:

max
g

AUCmacro(g) =
1

m− 1

∑
k=1,2,··· ,m

AUCk(gk) ,

(12)



and AUCk is AUC on the k-th label, which has

AUCk(gk) = 1−
∑

x∈
⋃

i≤k Ui

∑
x′∈

⋃
j>k Uj

ℓ(gk(x,x
′))∑

i≤k ni

∑
j>k nj

.

(13)
For the k-th label, the sub-problem of the multi-label

learning problem is a simple AUC optimization problem:

min
gk

1

m− 1

∑
x∈

⋃
i≤k Ui

∑
x′∈

⋃
j>k Uj

ℓ(gk(x,x
′))∑

i≤k ni

∑
j>k nj

.

(14)
That is, in order to solve the multi-label learning problem
described in eq. (12), we can optimize m− 1 sub-problems
of the form described in eq. (14) only. The following expla-
nation outlines why the Um-AUC problem eq. (9) can be
solved by solving this multi-label learning problem eq. (12).

Let rijk = (ninj)/(
∑

i≤k ni

∑
j>k nj), the optimization

problem eq. (14) is equivalent to

min
gk

1

m− 1

∑
i≤k

∑
j>k

rijk
∑
x∈Ui

∑
x′∈Uj

ℓ(gk(x,x
′))

ninj
, (15)

or simplified as:

min
gk

1

m− 1

∑
i≤k

∑
j>k

rijkR̂ij(gk) . (16)

This is exactly the special case of eq. (10)’s where zij =
rijk/(m − 1) > 0. Therefore, each sub-problem of multi-
label learning problem eq. (12) is an ERM problem for
the Um AUC risk minimization problem eq. (9). Accord-
ing to theorem 2, optimizing this multi-label learning prob-
lem is equivalent to solving the original AUC optimization
problem. Thus, we aggregate the output of sub-problem as
f = 1

m−1

∑m−1
k=1 gk.

In summary, by transforming the Um AUC risk mini-
mization problem into a multi-label learning problem, we
only need to optimize m− 1, rather than m(m− 1)/2 sub-
problems as in the naive approach.

Efficient Training of the Model Although we have re-
duced the number of the sub-problems from O(m2) to
O(m), this approach may not be practical for large datasets
when optimizing the pairwise loss on training data, since
the pairwise method suffers from severe scalability issue, as
each epoch will take O(nP · nN ) time with nP positive and
nN negative samples. This issue has been discussed and ef-
ficient methods for AUC optimization have been proposed
in several previous works like (Yuan et al. 2021; Liu et al.
2020). These method will take only O(nP + nN ) time each
epoch, making them more suitable for large-scale datasets.

Consider using the square surrogate AUC loss in the
multi-label learning problem eq. (12), with the derivation

process shown in Appendix, we get

1

m− 1

∑
1≤k<m

∑
x∈

⋃
i≤k Ui

∑
x′∈

⋃
j>k Uj

(1− f(x) + f(x′))2∑
i≤k ni

∑
j>k nj

=
1

m− 1

∑
1≤k<m

(
∑

x∈
⋃

i≤k Ui

(f(x)− ak(f))
2∑

i≤k ni︸ ︷︷ ︸
Ak(f)

+
∑

x′∈
⋃

j>k Uj

(f(x′)− bk(f)))
2∑

j>k nj︸ ︷︷ ︸
Bk(f)

+(1− ak(f) + bk(f))
2︸ ︷︷ ︸

Ck(f)

)

=
1

m− 1

∑
1≤k<m

(Ak(f) +Bk(f)

+ max
αk

{2αk(1− ak(f) + bk(f))− α2
k})

(17)
where ak(f) =

∑
x∈

⋃
i≤k Ui

f(x)/
∑

i≤k ni, and bk(f) =∑
x′∈

⋃
j>k Uj

f(x′)/
∑

j>k nj .
Following previous work (Ying, Wen, and Lyu 2016), the

objective eq. (17) is equivalent to (m−1) min-max problems

min
f,ak,bk

max
αk

h(f, ak, bk, αk) := Ez[H(f, ak, bk, αk; z)],

(18)
where z = (x, y) is a random sample, and

H(f, ak, bk, αk; z) =(1− p)(f(x)− ak)
2I[y=1]

+ p(f(x)− bk)
2I[y=−1]

− p(1− p)α2
k

+ 2αk(p(1− p) + pf(x)I[y=−1]

− (1− p)f(x)I[y=1]),
(19)

with p =
∑

i≤k ni/(
∑

i≤k ni +
∑

j>k nj).
Besides, we replace the Ck with maxαk≥0{2αk(m −

ak(f) + bk(f)) − α2
k}, which has a margin parameter m

to make the loss function more robust (Yuan et al. 2021).
The min-max problems can be efficiently solved using

primal-dual stochastic optimization techniques, eliminating
the need for explicit construction of positive-negative pairs.
In our implementation, we leverage the Polyak-Łojasiewicz
(PL) conditions (Guo et al. 2020) of the objective functions
in the min-max problems eq. (18), and update the parameters
accordingly to solve the multi-label learning problem.

Through a combination of equivalence problem conver-
sion techniques and efficient optimization methods, the
complexity of each epoch in training can be reduced from
O(n2) to O(n). The algorithm is described in algorithm 1.

Theoretical Analysis
In this subsection, we provide a theoretical analysis of the
approach described above. Specifically, we prove excess risk
bounds for the ERM problem of U2 AUC and Um AUC.

Let X be the feature space, K be a kernel over X 2, and
Cw be a strictly positive real number. Let FK be a class of



Algorithm 1 Um-AUC
Input: Model g, m sets of unlabeled data with class

priors in descending order U1, · · · , Um, train-
ing epochs num epochs, number of batches
num batches.

1: for t = 1, 2, . . . , num epochs do
2: for b = 1, 2, . . . , num batches do
3: Fetch mini-batch B from

⋃
0≤i≤m Ui

4: Forward B and get g(B)
5: Compute multi-label loss of the mini-batch B
6: Update the parameters of g
7: end for
8: end for
9: Aggregate the g by f = 1

m−1

∑m−1
k=1 gk

Output: f

functions defined as:

FK = {fw : X → R, fw(x) = K(w, x)|∥w∥k ≤ Cw} ,

where ∥x∥K =
√

K(x, x). We also assume that the surro-
gate loss ℓ is L-Lipschitz continuous, bounded by a strictly
positive real number Cℓ, and satisfies inequality ℓ ≥ ℓ01.

Let f̂∗
ij be the minimizer of empirical risk R̂ij(f), we in-

troduce the following excess risk bound, showing that the
risk of f̂∗

ij converges to risk of the optimal function in the
function family FK .
Theorem 3 (Excess Risk for U2 AUC ERM problem). As-
sume that f̂∗

ij ∈ FK is the minimizer of empirical risk
R̂ij(f), f∗

PN ∈ FK is the minimizer of true risk RPN (f).
For any δ > 0, with the probability at least 1− δ, we have

RPN (f̂∗
ij)−RPN (f∗

PN ) ≤ h(δ)

a

√
ni + nj

ninj
,

where h(δ) = 8
√
2CℓCwCx + 5

√
2 ln (2/δ), a = πi − πj ,

and ni, nj is the size of dataset Ui,Uj .
Theorem 3 guarantees that the excess risk of general case

can be bounded plus the term of order

O
(

1

a
√
ni

+
1

a
√
nj

)
.

Let f̂∗
Um be the minimizer of empirical risk R̂Um(f), we

introduce the following excess risk bound, showing that the
risk of f̂∗

Um converges to risk of the optimal function in the
function family FK .
Theorem 4 (Excess Risk for Um AUC ERM problem). As-
sume that f̂∗

Um ∈ FK is the minimizer of empirical risk
R̂Um(f), f∗

PN ∈ FK is the minimizer of true risk RPN (f).
For any δ > 0, with the probability at least 1− δ, we have

RPN (f̂∗
Um)−RPN (f∗

PN ) ≤
h( 2δ

m(m−1) )

s

∑
i,j|1≤i<j≤m

zij

√
ni + nj

ninj
,

where h(δ) = 8
√
2CℓCwCx + 5

√
2 ln (2/δ), and s =∑

i,j|1≤i<j≤m zij(πi − πj) , ni, nj is the size of unlabeled
dataset Ui,Uj .

Theorem 4 guarantees that the excess risk of general case
can be bounded plus the term of order

O

1

s

∑
i,j|1≤i<j≤m

zij

√
ni + nj

ninj

 .

It is evident that theorem 4 degenerates into theorem 3
when m = 2 and z12 = 1.

4 Experiments
In this section, we report the experimental results of the pro-
posed Um-AUC, compared to state-of-the-art Um classifica-
tion approaches.

Datasets We tested the performance of Um-AUC us-
ing the benchmark datasets Kuzushiji-MNIST (K-MNIST
for short) (Clanuwat et al. 2018), CIFAR-10, and CIFAR-
100 (Krizhevsky, Hinton et al. 2009) with synthesizing mul-
tiple datasets with different settings. We transformed these
datasets into binary classification datasets, where we clas-
sified odd vs. even class IDs for K-MNIST and animals
vs. non-animals for CIFAR datasets. In the experiments, we
choose m ∈ {10, 50}, and the size of each unlabeled data set
Ui is fixed to ni = ⌈ntrain/m⌉, unless otherwise specified.
To simulate the distribution of the dataset in different cases,
we will generate the class priors {πi}mi=1 from four differ-
ent distributions. We then randomly sampled data from the
training set into Ui using the definition in eq. (6).

Models We use a 5-layer MLP (multi-layer perceptron) as
our model for all experiments on the K-MNIST dataset, and
use the Resnet32 (He et al. 2016) for experiments on the
CIFAR datasets. We train all models for 150 epochs, and
report the AUC on the test set at the final epoch.

Baselines In our experiments, we compared our method
with state-of-the-art Um classification methods: LLP-
VAT (Tsai and Lin 2020) on behalf of EPRM methods, and
Um-SSC (Lu et al. 2021) on behalf of ERM methods. Note
that the previous methods require exact class priors, while
in our setting, we can only obtain relative order relations
for the class priors of the unlabeled dataset. To ensure fair-
ness in performance comparisons, we created weaker ver-
sions of LLP-VAT and Um-SSC, called LLP-VAT⋆ and Um-
SSC⋆, respectively, by giving them priors obtained by di-
viding [0, 1] uniformly instead of using the true priors. We
used Adam (Kingma and Ba 2014) and cross-entropy loss
for their optimization, following the standard implementa-
tion in the original paper. To ensure fairness, we used the
same model to implement all methods in all tasks.

Our implementation is based on PyTorch (Paszke et al.
2019), and experiments are conducted on an NVIDIA Tesla
V100 GPU. To ensure the robustness of the results, all ex-
periments are repeated 3 times with different random seed,
and we report the mean values with standard deviations. For
more details about the experiment, please refer to Appendix.



Dataset D LLP-VAT⋆ LLP-VAT Um-SSC⋆ Um-SSC Um-AUC

K-MNIST (m = 10)

Du 0.865±0.0145 0.896±0.0249 0.908±0.0073 0.911±0.0084 0.938±0.0064

Db 0.780±0.0225 0.789±0.0185 0.833±0.0357 0.836±0.0521 0.851±0.0616

Dc 0.853±0.0330 0.808±0.0131 0.858±0.0239 0.856±0.0307 0.870±0.0512

Dbc 0.825±0.0315 0.798±0.0332 0.868±0.0255 0.857±0.0390 0.896±0.0439

CIFAR-10 (m = 10)

Du 0.856±0.0131 0.856±0.0066 0.860±0.0090 0.859±0.0131 0.905±0.0080

Db 0.723±0.0454 0.737±0.0754 0.746±0.0614 0.778±0.0462 0.866±0.0238

Dc 0.787±0.0172 0.847±0.0059 0.792±0.0372 0.807±0.0209 0.884±0.0046

Dbc 0.769±0.0373 0.805±0.0231 0.796±0.0552 0.812±0.0430 0.887±0.0155

CIFAR-100 (m = 10)

Du 0.734±0.0092 0.731±0.0167 0.747±0.0192 0.756±0.0115 0.847±0.0121

Db 0.630±0.0183 0.651±0.0210 0.652±0.0332 0.667±0.0331 0.715±0.0292

Dc 0.670±0.0168 0.707±0.0117 0.676±0.0363 0.692±0.0264 0.757±0.0136

Dbc 0.672±0.0359 0.700±0.0324 0.683±0.0500 0.701±0.0415 0.751±0.0641

K-MNIST (m = 50)

Du 0.896±0.0124 0.902±0.0102 0.915±0.0136 0.915±0.0107 0.931±0.0156

Db 0.808±0.0142 0.787±0.0196 0.861±0.0102 0.869±0.0083 0.883±0.0229

Dc 0.863±0.0206 0.833±0.0165 0.855±0.0378 0.863±0.0417 0.867±0.0125

Dbc 0.860±0.0523 0.815±0.0052 0.881±0.0056 0.885±0.0078 0.904±0.0012

CIFAR-10 (m = 50)

Du 0.852±0.0079 0.857±0.0073 0.853±0.0030 0.854±0.0492 0.889±0.0083

Db 0.757±0.0250 0.742±0.0847 0.794±0.0278 0.806±0.0204 0.861±0.0097

Dc 0.790±0.0132 0.852±0.0038 0.807±0.0101 0.808±0.0062 0.861±0.0138

Dbc 0.804±0.0056 0.830±0.0235 0.826±0.0059 0.832±0.0052 0.873±0.0074

CIFAR-100 (m = 50)

Du 0.739±0.0036 0.738±0.0084 0.742±0.0647 0.744±0.0084 0.844±0.0042

Db 0.669±0.0199 0.673±0.0363 0.686±0.0103 0.696±0.0068 0.756±0.0281

Dc 0.689±0.0075 0.724±0.0065 0.700±0.0018 0.703±0.0097 0.790±0.0085

Dbc 0.699±0.0065 0.718±0.0082 0.714±0.0009 0.717±0.0024 0.812±0.0163

Table 1: Test AUC (mean±std) on benchmark datasets, under different prior distributions. Bolded font represents the best or
comparable methods in the row, according to the pairwise t-test at the significance level 5%.

Comparison with Baseline Methods
To compare our approach with the baseline methods, we
conducted experiments on the three image datasets and two
different numbers of bags, as described above. In real-world
scenarios, the class priors of datasets often do not follow
a uniform distribution. To better simulate real-world sit-
uations, we considered four different class prior distribu-
tions for each image dataset and for each number of bags:
Beta(1, 1), Beta(5, 1), Beta(5, 5), and Beta(5, 2). We re-
fer to these four distributions as uniform, biased, concen-
trated, and biased concentrated, respectively. These four dis-
tributions represent four distinct cases as follows:

1. Du (Uniform): the class priors are sampled from uniform
distribution on [0, 1];

2. Db (Biased): the class priors are sampled from the distri-
bution concentrated on one side, i.e., most sets have more
positive samples than negative samples;

3. Dc (Concentrated): the class priors are sampled from the
distribution concentrated around 0.5, i.e., most sets have
close proportions of positive and negative samples;

4. Dbc (Biased Concentrated): the class priors are sampled
from the distribution concentrated around 0.8, i.e., most
sets have close proportions of positive and negative sam-
ples, and positive samples more than negative samples.

Our experiments encompass a broader range of settings
compared to previous work. Specifically, the setting ex-
plored in (Lu et al. 2021) is just our Du (Uniform) setting.

For m = 10 and m = 50, the results obtained from dif-
ferent datasets and varied distributions of class priors are re-
ported in table 1. The results demonstrates that our proposed
method, Um-AUC, outperforms the baselines, even when a
smaller amount of information is utilized.

Robustness to Imbalanced Datasets
One of the most prevalent challenges in classification tasks
is handling class-imbalanced datasets. In the Um setting,
we also encounter imbalanced datasets. If the size of each
dataset is imbalanced, it can result in biased models that pri-
oritize the larger datasets.

To assess the robustness of our method against imbal-
anced datasets, we conducted tests using various settings.
Specifically, we generated imbalanced datasets in two ways
following the approach proposed in (Lu et al. 2021):
1. Size Reduction: With reduce ratio τ , randomly select

⌈m/2⌉ datasets, and change their size to ⌈τ · (ntrain/m)⌉.
2. Random: Randomly sample dataset size ni from range

[0, ntrain], such that
∑m

i=1 ni = ntrain.
The test AUC of Um-AUC on with different imbalance

datasets is presented in table 2. It indicates that our method



Dataset m τ = 0.8 τ = 0.6 τ = 0.4 τ = 0.2 Random

K-MNIST 10 0.936±0.0042 0.934±0.0095 0.926±0.0038 0.928±0.0046 0.928±0.0196

50 0.938±0.0106 0.932±0.0047 0.937±0.0097 0.928±0.0042 0.941±0.0186

CIFAR-10 10 0.907±0.0087 0.901±0.0053 0.901±0.0039 0.895±0.0026 0.904±0.0123

50 0.900±0.0022 0.895±0.0080 0.893±0.0023 0.890±0.0147 0.902±0.0048

CIFAR-100 10 0.842±0.0098 0.835±0.0036 0.827±0.0228 0.817±0.0243 0.803±0.0366

50 0.795±0.0090 0.805±0.0067 0.785±0.0210 0.777±0.0213 0.811±0.0125

Table 2: Test AUC on benchmark datasets with different imbalanced setting.

is reasonably robust to the imbalance settings, as it exhibits
a slow decline in test performance and a slow increase in test
performance variance as the reduction ratio decreases.

5 Related Works
Um Classification Um classification involves learning a
classifier from m unlabeled datasets, where we have lim-
ited information about each dataset, typically the class pri-
ors of each dataset. It appears in scenarios where individ-
ual labels are unavailable for privacy, technical, or ethi-
cal reasons, such as patient data collected from different
areas (Croft et al. 2018) and voter data collected in dif-
ferent years (Newman 2003). The Um classification set-
ting is a case of weak supervised learning (Zhou 2017),
and can be traced back to a classical problem of learn-
ing with label proportions (LLP) (Quadrianto et al. 2008).
There are three main categories of previous approaches to
solving the Um classification problem. The first category is
clustering-based approaches. Xu et al. (2004) and Krause,
Perona, and Gomes (2010) assumed that each cluster cor-
responds to a single class and applied discriminative clus-
tering methods to solve the problem. The second category
is empirical proportion risk minimization-based approaches.
Yu et al. (2014) aimed to minimize the distance between
the average predicted probabilities and the class priors for
each dataset Ui, which is known as empirical proportion
risk. Meanwhile, Tsai and Lin (2020) introduced consis-
tency regularization to the problem. The third category is
empirical risk minimization-based approaches. Scott and
Zhang (2020) extended the U2 classification problem by en-
sembling classifiers trained on all pairs of unlabeled sets,
while Lu et al. (2021) tackled the problem through a sur-
rogate set classification task. However, all of the previous
works on Um classification have required knowledge of the
class priors and are unable to address situations where the
priors are inaccurate or only the relative order of the unla-
beled sets’ class priors is known.

AUC Optimization AUC is a commonly used perfor-
mance measure that holds significant value in a variety of
scenarios, and the use of AUC is particularly advantageous
when dealing with imbalanced data or when the model’s
ranking capability is of utmost importance. While the goal is
to train models with better AUC, studies (Cortes and Mohri
2003) have shown that algorithms that maximize model ac-
curacy do not necessarily maximize the AUC score. Accord-

ingly, numerous studies have been dedicated to directly op-
timizing the AUC for decades (Yang and Ying 2022). To
enable efficient optimization of AUC, Gao et al. (2013) pro-
posed an AUC optimization algorithm using a covariance
matrix, while Ying, Wen, and Lyu (2016) optimized the
AUC optimize problem as a stochastic saddle point prob-
lem with stochastic gradient-based methods. For AUC op-
timization with deep neural models, Liu et al. (2020) in-
troduced deep AUC maximization based on a non-convex
min-max problem, and some AUC optimization frameworks
are proposed (Yang 2022; Yuan et al. 2023). Recently, there
are also studies of partial-AUC and multi-class AUC opti-
mization (Yang et al. 2021a,b; Zhu et al. 2022; Yao, Lin,
and Yang 2022). In addition to the algorithms, significant
work has been conducted on the theoretical aspects. For ex-
ample, Gao and Zhou (2015) investigated the consistency of
commonly used surrogate losses for AUC, while Agarwal
et al. (2005) and Usunier, Amini, and Gallinari (2005) stud-
ied the generalization bounds of AUC optimization models.
The research on AUC optimization has led to the develop-
ment of numerous real-world applications, such as software
build outcome prediction (Xie and Li 2018a), medical im-
age classification (Yuan et al. 2021), and molecular property
prediction (Wang et al. 2022). Most recently, there has been
a growing body of research on weakly supervised AUC op-
timization. For example, Sakai, Niu, and Sugiyama (2018)
and Xie and Li (2018b) studied semi-supervised AUC opti-
mization, Charoenphakdee, Lee, and Sugiyama (2019) stud-
ied the properties of AUC optimization under label noise,
and Xie et al. (2023) offered a universal solution for AUC
optimization in various weakly supervised scenarios. How-
ever, to the best of our knowledge, there has been no investi-
gation into AUC optimization for Um classification to date.

6 Conclusion
In this work, we investigate the challenge of constructing
AUC optimization models from multiple unlabeled datasets.
To address this problem, we propose Um-AUC, a novel
AUC optimization method with both simplicity and effi-
ciency. Um-AUC is the first solution for AUC optimization
under the Um learning scenario and provides a solution for
Um learning without exact knowledge of the class priors.
Furthermore, theoretical analysis demonstrates the validity
of Um-AUC, while empirical evaluation demonstrates that
Um-AUC exhibits superiority and robustness compared to
the state-of-the-art alternatives.
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