
Multi-label Complementary Labels Learning
with Hard Logical Constraints

Yi Gao1,2, Davide Anguita2, Fabio Roli2,3,
Min-Ling Zhang1, Fulvio Mastrogiovanni2, and Luca Oneto2 ∗

1 - Southeast University, Nanjing, China
2 - University of Genoa, Genova, Italy
3 - University of Cagliari, Cagliari, Italy

Abstract. Two of the main challenges in multi-label classification are
the need to collect labeled data, which can be costly or impractical, and
the need to satisfy hard logical constraints between labels, which is often
computationally expensive. In some applications, complementary labels -
that is, labels specifying a class to which a sample does not belong - are
available and much less costly to obtain. Researchers have therefore devel-
oped methods to learn from such labels efficiently and effectively. Similar
efforts have been made to address the problem of learning with hard logi-
cal constraints. Nevertheless, to the best of our knowledge, no prior work
has investigated the problem of learning from complementary labels with
hard logical constraints. In this work, we propose and compare methods to
address this problem, showing that hard logical constraints, besides repre-
senting restrictions to be satisfied, can also serve as an additional source of
weak supervision. The relationships between labels can help bridge the in-
formation gap between relevant and complementary labels. Experimental
results on different datasets and scenarios support our claims.

1 Introduction

Multi-label classification (MLC) aims to assign multiple relevant labels to each
sample [1, 2]. It has been widely applied in several domains, including medical
diagnosis [3, 4], image recognition [5, 6], and e-commerce product categoriza-
tion [7]. Despite its broad applicability, MLC faces two key challenges: (i) col-
lecting precisely annotated multi-label data is labor-intensive and costly [8–10],
and (ii) incorporating hard logical constraints (HLC) between labels, such as hi-
erarchical or relational dependencies, is often computationally expensive [8–10].

To mitigate the annotation burden, multi-label complementary label learning
(MLCLL) has recently emerged as a promising alternative [8–10]. Unlike MLC,
MLCLL learns from complementary labels rather than relevant ones. Each com-
plementary label indicates a class that a sample does not belong to, which sub-
stantially reduces annotation costs [11, 12]. Existing MLCLL methods primarily
focus on constructing unbiased risk estimators [8, 10] or designing robust loss
functions [9]. One of the state-of-the-art approaches in this area is the gradient-
descent-friendly (GDF) method, which facilitates stable gradient updates for
unbiased risk estimation [10]. These methods, however, overlook HLC between
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labels. Such constraints are inherent in multi-label data and are crucial for
improving prediction accuracy [13].

Parallel to these efforts, another research line in MLC incorporates HLC to
encode domain knowledge and enforce prediction consistency [13–15]. For ex-
ample, the constraint “if an image is labeled as Shark, it must also be labeled as
Fish” (i.e., Shark → Fish) provides additional semantic structure that guides
model learning. A representative state-of-the-art method in this direction is the
coherent-by-construction network (CCN) [13]. Current HLC-based approaches,
however, assume access to fully observed relevant labels, which makes them
unsuitable for MLCLL, where only complementary labels are provided and con-
straint relationships remain difficult to leverage.

To the best of our knowledge, this paper presents the first investigation of
MLCLL with HLC by integrating GDF with CCN. We propose a novel frame-
work that enforces consistency between model outputs and logical constraints
while learning from complementary labels. We argue that logical constraints, be-
yond serving as rules to satisfy, can act as an additional form of weak supervision.
By exploiting these constraints, we bridge the information gap between comple-
mentary and relevant labels, which improves the learning efficiency of MLCLL
models. Extensive experiments on multiple benchmark datasets demonstrate
the effectiveness of the proposed approach.

The remainder of the paper is organized as follows. Section 2 introduces
the notations. Section 3 presents the proposed method. Section 4 reports the
experimental results and analysis. Section 5 concludes the paper.

2 Preliminaries

Let X = Rd denote the input space and let Y = {l1, l2, . . . , lc} denote the label
space with c classes. A multi-label complementary sample is denoted as (x, Ȳ ),
where x ∈ X is the feature vector and Ȳ ⊂ Y is the set of complementary
labels. In MLCLL, the relevant label set Y ⊂ Y (with Y ∩ Ȳ = ∅) is not
available to the learning algorithm. Given a dataset of n complementary samples
D̄n = {(xi, Ȳi)}ni=1, the goal is to learn a multi-label classifier g : X → [0, 1]c

that maps each input x to a vector of confidence scores, where gj(x) denotes the
predicted probability that x belongs to label lj . A label lj is predicted as relevant
for x if gj(x) > θ, where θ ∈ [0, 1] is a predefined threshold. Accordingly, the
predicted label set is Y = {lj | gj(x) > θ, 1 ≤ j ≤ c}.

Let Π denote a finite set of logical constraints defined over Y. Each constraint
π ∈ Π is expressed in normal form as l1 ∧ · · · ∧ lj ∧¬lj+1 ∧ · · · ∧ ¬lk → lo, where
0 < j ≤ k. This rule states that if labels l1, . . . , lj are predicted and labels
lj+1, . . . , lk are not, then label lo must also be predicted. For each constraint π,
we denote its head as H(π) = lo and its body as B(π) = B+(π)∪B−(π), where
B+(π) = {l1, . . . , lj} and B−(π) = {lj+1, . . . , lk}. For a given input x ∈ X , the
prediction g(x) satisfies a constraint π if its binary decision vector renders π
true under propositional logic. The classifier g is said to be coherent with Π if
all constraints in Π are satisfied for every prediction.

3 Methodology

In this section, we present our proposal to address the MLCLL problem with
HLC. To this end, we build upon two state-of-the-art approaches: GDF [10] for
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handling MLCLL, and CCN [10] for managing HLC. Our framework comprises
two main components: (i) a base prediction model f : X → [0, 1]c that produces
raw class probabilities and is trained using the GDF loss under complementary
supervision; and (ii) a logical constraint module h : [0, 1]c → [0, 1]c built atop f ,
which refines the predictions into logic-consistent outputs by enforcing a set of
logical constraints Π. This refinement step ensures that all predictions remain
coherent with the predefined logical relations. We now introduce the standard
GDF loss [10], defined for each sample (x, Ȳ ) as:

ℓ̄(f(x), Ȳ ) = −
∑c

j=1

[
I(lj /∈ Ȳ ) log(fj(x)) + I(lj ∈ Ȳ ) log(1− fj(x))

]
, (1)

where I(·) denotes the indicator function, returning 1 if the condition holds and 0
otherwise, and fj is the j-th component of f . The refined predictions produced
by the constraint module h are subsequently passed into the GDF loss, replacing
the raw prediction probabilities. This integration allows the learning process
to leverage the additional information provided by the HLC. Accordingly, the
overall learning objective is formulated as:

L̄ = 1
n

∑n
i=1 ℓ̄(h(f(xi); Π), Ȳi). (2)

Note that h must be a differentiable module ensuring that the composite func-
tion h ◦ f satisfies all constraints in Π. This differentiability allows gradients to
flow through h, enabling the base model to learn representations that are both
logic-consistent and complementary-aware. To construct h, we adopt a stratified
forward-chaining scheme [13] over the constraint set Π, under the assumption
that Π is stratified, i.e., it contains no cyclic dependencies involving negation.
Given this assumption, Π can be partitioned into m strata Π1, . . . ,Πm using the
CompStrata(Π) algorithm [13], where each constraint in Πi depends only on la-
bels that are either input features or derived from constraints in preceding strata
Π<i (i ∈ {1, 2, . . . ,m}). The strata are mutually exclusive, i.e., Πr ∩Πs = ∅ for
r ̸= s, and their number is minimized to reduce the number of propagation steps.
This stratification eliminates circular dependencies and guarantees the existence
of a unique minimal coherent extension, thereby ensuring both correctness and
computational efficiency in constraint propagation. We now describe the updat-
ing process of the constraint module h, which operates layer by layer over the
stratified constraint set Π1, . . . ,Πm. At each step i, let h(x; Πi−1) denote the
refined predictions obtained from the previous stratum, which are then used to
compute h(x; Πi). For each input x and constraint π ∈ Πi, the module updates
the confidence score of the head H(π) based on the satisfaction degree of the
body of π, which quantifies how strongly the antecedent holds for x. Formally,
the confidence score of H(π) is refined as:

hH(π)(x; Πi)=maxπ∈Πi

{
hH(π)(x; Πi−1),min

{
minlj∈B+(π) hlj

(x; Πi−1),

minlj∈B−(π)[1 − hlj
(x; Πi−1)]

}}
, (3)

where hlj (·) denotes the j-th component of h(·). The predictions are initialized
with the raw outputs of the base model, that is, h(x; Π0) = f(x). Eq. (3) en-
sures that when the body of a constraint is strongly satisfied, the corresponding
head prediction is increased accordingly, while all other label predictions remain
unchanged:

hlj (x; Πi) = hlj (x; Πi−1), if lj /∈ {H(π) | π ∈ Πi}. (4)
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After processing all strata, the final logic-consistent outputs are obtained as
g(x) = h(x; Π) = h(x; Πm). This design guarantees that g satisfies all con-
straints in Π, thus eliminating the need for any post-hoc projection. Conse-
quently, our approach can be trained in an end-to-end manner, allowing logical
consistency to directly influence both feature learning and gradient propaga-
tion. Furthermore, the incorporated HLC serve as an additional form of weak
supervision, effectively bridging the gap between complementary and relevant
labels.

4 Experimental Results

In this work we employ thirteen widely used MLC datasets1 that include relevant
labels and constraints2. For each dataset, complementary labels are randomly
sampled from the label set, excluding the relevant labels, until the number of
complementary labels reaches q% of c. We vary q within {10, 50} to simulate
different degrees of weak supervision. The training data include only complemen-
tary labels, while validation and test data include relevant labels. Following [13],
30% of the samples in each dataset are reserved for testing. From the remaining
data, 15% are randomly selected for validation and the rest are used for train-
ing. We also assess our method in two scenario where just s% of the dataset
is available. We vary s within {10, 100}: full dataset and low-data scenario
where only 10% of the training data are used. We compare our approach with
the base GDF [10] MLCLL method. We adopt four standard MLC metrics [1]:
ranking loss, one-error, coverage, and average precision. Higher average pre-
cision and lower values for the remaining metrics indicate better performance.
For each dataset, we repeat the random data split ten times and report the
average performance across all trials. Both linear and MLP architectures are
used as base models, with MLP hidden-layer dimensions following the config-
uration in [13]. For fairness, all baseline methods use the same architecture
as our model. Training is performed with the Adam optimizer using a batch
size of 256 for 200 epochs [16]. Learning rate and weight decay are selected
from {10−1, 10−2, 10−3, 10−4} based on validation results. All experiments are
implemented in PyTorch [17] and executed on an NVIDIA RTX 3090 Ti GPU.

Table 1 reports for the different datasets, metrics, models, s, and q the
results of classical GDF MLCLL method against our proposal. From Table 1,
it can be observed that our method consistently outperforms the baseline in
which the constraints are not exploited. The performance gains are particularly
pronounced when the available information or the model capacity is limited.
Specifically, the improvements are more evident: (i) for linear models compared
to the non-linear one, (ii) when s is smaller, i.e., when fewer training samples are
available, and (iii) when p is smaller, meaning that the complementary labels
provide less informative supervision to the algorithm.

5 Conclusions

This work explored the previously unaddressed problem of learning from com-
plementary labels with hard logical constraints in multi-label classification. We

1https://mulan.sourceforge.net/datasets-mlc.html
2https://github.com/atatomir/CCN
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Table 1: Results of each comparing approaches (mean±std. deviation), where
↑ / ↓ indicates the larger/smaller the value, the better the performance. Best
results are shown in boldface.

Dataset s% q%
Linear MLP Linear MLP

GDF Ours GDF Ours GDF Ours GDF Ours

one error↓ coverage↓

arts
10

10 0.929±0.007 0.895±0.015 0.866±0.037 0.842±0.032 0.547±0.012 0.475±0.012 0.458±0.038 0.378±0.018
50 0.877±0.011 0.890±0.010 0.768±0.022 0.757±0.017 0.477±0.010 0.435±0.011 0.356±0.018 0.321±0.017

100
10 0.816±0.015 0.852±0.015 0.759±0.019 0.811±0.039 0.459±0.009 0.433±0.011 0.378±0.016 0.359±0.025
50 0.698±0.011 0.653±0.011 0.564±0.008 0.618±0.009 0.374±0.008 0.309±0.006 0.274±0.008 0.258±0.006

business
10

10 0.947±0.009 0.823±0.010 0.532±0.098 0.619±0.131 0.571±0.013 0.297±0.009 0.258±0.024 0.271±0.039
50 0.912±0.007 0.808±0.024 0.133±0.006 0.132±0.006 0.507±0.008 0.279±0.009 0.170±0.019 0.151±0.019

100
10 0.941±0.010 0.696±0.025 0.132±0.006 0.569±0.289 0.562±0.012 0.235±0.008 0.174±0.011 0.200±0.025
50 0.221±0.009 0.366±0.021 0.133±0.006 0.133±0.006 0.206±0.009 0.152±0.007 0.125±0.007 0.113±0.006

cal500
10

10 0.850±0.023 0.758±0.083 0.699±0.092 0.689±0.053 0.959±0.004 0.945±0.006 0.936±0.006 0.933±0.006
50 0.793±0.031 0.783±0.037 0.193±0.055 0.185±0.053 0.944±0.003 0.938±0.004 0.895±0.013 0.895±0.013

100
10 0.850±0.027 0.553±0.061 0.150±0.064 0.320±0.174 0.952±0.008 0.940±0.007 0.910±0.011 0.910±0.012
50 0.507±0.049 0.440±0.028 0.164±0.056 0.148±0.037 0.919±0.006 0.911±0.008 0.844±0.014 0.844±0.014

enron
10

10 0.898±0.049 0.744±0.092 0.694±0.111 0.637±0.076 0.655±0.032 0.618±0.045 0.543±0.043 0.535±0.036
50 0.801±0.014 0.723±0.052 0.389±0.034 0.479±0.025 0.594±0.014 0.557±0.016 0.437±0.026 0.425±0.024

100
10 0.868±0.044 0.623±0.048 0.382±0.040 0.494±0.020 0.637±0.048 0.586±0.026 0.464±0.018 0.456±0.016
50 0.636±0.049 0.505±0.043 0.237±0.016 0.475±0.020 0.531±0.014 0.447±0.012 0.363±0.017 0.364±0.013

genbase
10

10 0.870±0.068 0.858±0.041 0.830±0.087 0.916±0.050 0.307±0.044 0.419±0.031 0.347±0.039 0.463±0.047
50 0.531±0.069 0.640±0.100 0.468±0.084 0.619±0.093 0.150±0.022 0.190±0.024 0.126±0.021 0.196±0.027

100
10 0.514±0.033 0.870±0.032 0.341±0.073 0.891±0.044 0.135±0.020 0.361±0.025 0.082±0.013 0.437±0.021
50 0.083±0.030 0.106±0.026 0.025±0.015 0.211±0.028 0.031±0.008 0.042±0.010 0.023±0.007 0.059±0.007

image
10

10 0.617±0.038 0.622±0.039 0.576±0.034 0.565±0.033 0.344±0.020 0.354±0.024 0.337±0.025 0.335±0.022
50 0.449±0.030 0.446±0.027 0.426±0.027 0.424±0.025 0.258±0.013 0.254±0.012 0.243±0.017 0.243±0.016

100
10 0.497±0.015 0.473±0.012 0.381±0.016 0.375±0.016 0.271±0.009 0.267±0.009 0.226±0.009 0.221±0.006
50 0.345±0.019 0.343±0.019 0.286±0.022 0.283±0.025 0.202±0.008 0.205±0.009 0.178±0.010 0.179±0.009

rcv1subset1
10

10 0.963±0.005 0.919±0.022 0.942±0.024 0.820±0.037 0.663±0.009 0.570±0.011 0.618±0.029 0.545±0.011
50 0.907±0.009 0.897±0.014 0.790±0.021 0.793±0.023 0.566±0.013 0.492±0.013 0.489±0.020 0.467±0.014

100
10 0.946±0.004 0.858±0.027 0.804±0.012 0.759±0.014 0.622±0.005 0.520±0.027 0.484±0.007 0.410±0.015
50 0.725±0.012 0.633±0.021 0.556±0.006 0.674±0.011 0.422±0.007 0.308±0.007 0.330±0.009 0.341±0.011

rcv1subset2
10

10 0.967±0.006 0.929±0.019 0.905±0.042 0.936±0.018 0.630±0.016 0.543±0.015 0.573±0.024 0.527±0.018
50 0.920±0.007 0.911±0.007 0.767±0.019 0.840±0.018 0.542±0.011 0.462±0.013 0.463±0.014 0.450±0.030

100
10 0.926±0.006 0.904±0.020 0.777±0.013 0.821±0.029 0.571±0.003 0.488±0.024 0.450±0.013 0.510±0.010
50 0.765±0.016 0.724±0.023 0.545±0.012 0.684±0.014 0.439±0.024 0.307±0.011 0.317±0.009 0.336±0.009

rcv1subset3
10

10 0.966±0.004 0.919±0.016 0.927±0.034 0.882±0.030 0.632±0.009 0.558±0.013 0.580±0.023 0.515±0.027
50 0.913±0.011 0.901±0.017 0.757±0.026 0.822±0.040 0.518±0.012 0.455±0.013 0.446±0.015 0.418±0.016

100
10 0.922±0.005 0.893±0.014 0.756±0.025 0.862±0.011 0.567±0.005 0.516±0.027 0.443±0.007 0.466±0.006
50 0.721±0.014 0.625±0.043 0.539±0.014 0.657±0.018 0.468±0.005 0.301±0.006 0.302±0.006 0.333±0.006

rcv1subset4
10

10 0.968±0.006 0.977±0.006 0.896±0.054 0.972±0.007 0.587±0.012 0.616±0.011 0.513±0.033 0.625±0.023
50 0.917±0.012 0.901±0.013 0.711±0.015 0.931±0.022 0.485±0.016 0.471±0.012 0.397±0.011 0.458±0.015

100
10 0.912±0.007 0.918±0.007 0.753±0.012 0.969±0.012 0.518±0.002 0.536±0.003 0.390±0.010 0.595±0.025
50 0.608±0.005 0.727±0.031 0.470±0.009 0.959±0.007 0.393±0.007 0.292±0.009 0.254±0.006 0.303±0.003

rcv1subset5
10

10 0.968±0.005 0.967±0.011 0.908±0.030 0.957±0.005 0.627±0.009 0.634±0.013 0.550±0.024 0.578±0.022
50 0.915±0.012 0.911±0.018 0.761±0.037 0.912±0.029 0.524±0.016 0.507±0.018 0.452±0.013 0.486±0.024

100
10 0.929±0.009 0.936±0.007 0.713±0.024 0.962±0.005 0.578±0.007 0.582±0.008 0.438±0.010 0.415±0.008
50 0.709±0.007 0.747±0.032 0.498±0.007 0.817±0.005 0.461±0.007 0.327±0.014 0.292±0.007 0.430±0.008

scene
10

10 0.718±0.034 0.698±0.027 0.664±0.072 0.661±0.063 0.340±0.027 0.316±0.028 0.294±0.043 0.293±0.043
50 0.553±0.038 0.512±0.030 0.440±0.033 0.438±0.033 0.225±0.022 0.205±0.018 0.171±0.017 0.170±0.017

100
10 0.623±0.026 0.582±0.017 0.389±0.019 0.378±0.015 0.276±0.013 0.247±0.012 0.163±0.007 0.160±0.008
50 0.394±0.019 0.381±0.019 0.287±0.010 0.287±0.010 0.156±0.010 0.151±0.009 0.111±0.006 0.111±0.006

yeast
10

10 0.683±0.031 0.524±0.032 0.251±0.002 0.294±0.087 0.746±0.016 0.664±0.011 0.621±0.029 0.633±0.018
50 0.559±0.023 0.436±0.025 0.252±0.002 0.252±0.003 0.665±0.008 0.591±0.009 0.521±0.013 0.524±0.016

100
10 0.327±0.011 0.391±0.030 0.248±0.004 0.251±0.001 0.616±0.004 0.628±0.004 0.536±0.008 0.605±0.015
50 0.263±0.006 0.242±0.004 0.240±0.004 0.241±0.002 0.521±0.002 0.489±0.002 0.479±0.004 0.473±0.002

ranking loss↓ average precision↑

arts
10

10 0.476±0.012 0.409±0.014 0.382±0.039 0.305±0.019 0.182±0.007 0.216±0.013 0.252±0.035 0.269±0.023
50 0.403±0.010 0.372±0.010 0.278±0.015 0.247±0.016 0.240±0.009 0.239±0.007 0.360±0.022 0.374±0.019

100
10 0.380±0.008 0.358±0.012 0.299±0.016 0.280±0.022 0.289±0.010 0.265±0.013 0.351±0.018 0.322±0.025
50 0.295±0.006 0.239±0.004 0.197±0.006 0.189±0.005 0.390±0.008 0.438±0.009 0.518±0.007 0.485±0.006

business
10

10 0.502±0.014 0.236±0.007 0.173±0.020 0.218±0.043 0.149±0.009 0.293±0.010 0.540±0.060 0.317±0.049
50 0.441±0.011 0.222±0.008 0.097±0.011 0.083±0.010 0.191±0.008 0.314±0.020 0.818±0.018 0.836±0.014

100
10 0.493±0.013 0.170±0.006 0.100±0.007 0.131±0.029 0.152±0.009 0.414±0.019 0.803±0.010 0.501±0.187
50 0.129±0.006 0.090±0.005 0.068±0.004 0.061±0.004 0.728±0.009 0.701±0.012 0.847±0.007 0.851±0.006

cal500
10

10 0.494±0.007 0.457±0.008 0.396±0.019 0.393±0.019 0.174±0.005 0.195±0.007 0.242±0.023 0.240±0.018
50 0.454±0.008 0.420±0.009 0.284±0.007 0.281±0.006 0.202±0.006 0.221±0.009 0.392±0.012 0.401±0.010

100
10 0.483±0.007 0.426±0.005 0.307±0.015 0.304±0.011 0.179±0.004 0.232±0.007 0.368±0.016 0.367±0.010
50 0.353±0.005 0.331±0.005 0.216±0.006 0.216±0.007 0.298±0.006 0.327±0.009 0.472±0.008 0.472±0.009

enron
10

10 0.421±0.030 0.362±0.034 0.300±0.033 0.280±0.028 0.176±0.043 0.222±0.019 0.286±0.049 0.286±0.043
50 0.352±0.010 0.306±0.013 0.187±0.014 0.180±0.014 0.252±0.015 0.263±0.021 0.499±0.023 0.455±0.015

100
10 0.405±0.040 0.332±0.023 0.206±0.009 0.214±0.009 0.196±0.030 0.250±0.014 0.487±0.014 0.346±0.009
50 0.290±0.009 0.209±0.007 0.136±0.008 0.140±0.007 0.348±0.025 0.420±0.019 0.633±0.012 0.538±0.012

genbase
10

10 0.285±0.040 0.410±0.030 0.330±0.046 0.461±0.049 0.280±0.058 0.227±0.032 0.299±0.063 0.141±0.025
50 0.127±0.021 0.179±0.023 0.103±0.020 0.182±0.029 0.584±0.051 0.432±0.050 0.640±0.055 0.469±0.070

100
10 0.115±0.019 0.354±0.028 0.059±0.011 0.434±0.023 0.612±0.027 0.234±0.026 0.756±0.047 0.163±0.023
50 0.017±0.005 0.029±0.008 0.010±0.005 0.042±0.006 0.932±0.019 0.891±0.017 0.972±0.013 0.833±0.016

image
10

10 0.364±0.027 0.378±0.034 0.356±0.033 0.351±0.029 0.593±0.025 0.586±0.028 0.613±0.025 0.618±0.024
50 0.255±0.018 0.250±0.016 0.238±0.021 0.236±0.019 0.705±0.019 0.709±0.016 0.722±0.016 0.723±0.015

100
10 0.274±0.008 0.269±0.008 0.214±0.010 0.209±0.007 0.681±0.010 0.692±0.009 0.749±0.010 0.754±0.009
50 0.185±0.010 0.188±0.010 0.156±0.012 0.157±0.011 0.777±0.012 0.776±0.012 0.813±0.014 0.814±0.015

rcv1subset1
10

10 0.460±0.010 0.377±0.010 0.414±0.027 0.325±0.012 0.081±0.004 0.121±0.012 0.100±0.014 0.188±0.015
50 0.367±0.010 0.318±0.010 0.288±0.016 0.260±0.009 0.131±0.006 0.152±0.010 0.212±0.015 0.227±0.009

100
10 0.420±0.005 0.312±0.017 0.283±0.004 0.225±0.009 0.097±0.003 0.161±0.020 0.204±0.008 0.224±0.007
50 0.247±0.005 0.162±0.004 0.165±0.005 0.177±0.006 0.265±0.006 0.372±0.010 0.406±0.006 0.298±0.006

rcv1subset2
10

10 0.452±0.015 0.369±0.013 0.385±0.029 0.321±0.011 0.080±0.006 0.116±0.011 0.130±0.034 0.140±0.005
50 0.367±0.010 0.309±0.008 0.278±0.012 0.259±0.016 0.126±0.008 0.153±0.006 0.240±0.017 0.212±0.006

100
10 0.393±0.003 0.308±0.019 0.269±0.008 0.305±0.011 0.121±0.004 0.136±0.007 0.240±0.010 0.173±0.008
50 0.274±0.018 0.168±0.006 0.164±0.005 0.175±0.004 0.256±0.007 0.348±0.014 0.425±0.008 0.332±0.008

rcv1subset3
10

10 0.455±0.008 0.375±0.011 0.393±0.025 0.305±0.020 0.078±0.003 0.118±0.006 0.117±0.028 0.161±0.015
50 0.345±0.010 0.300±0.010 0.266±0.012 0.229±0.009 0.135±0.010 0.158±0.013 0.258±0.020 0.237±0.011

100
10 0.390±0.004 0.331±0.023 0.263±0.006 0.271±0.005 0.124±0.005 0.145±0.006 0.254±0.016 0.170±0.005
50 0.295±0.005 0.161±0.003 0.153±0.003 0.170±0.003 0.274±0.009 0.394±0.020 0.443±0.009 0.352±0.008

rcv1subset4
10

10 0.445±0.010 0.479±0.008 0.359±0.036 0.484±0.025 0.078±0.005 0.064±0.004 0.152±0.042 0.067±0.010
50 0.345±0.015 0.333±0.011 0.237±0.014 0.319±0.010 0.139±0.011 0.154±0.012 0.326±0.013 0.144±0.018

100
10 0.371±0.002 0.388±0.003 0.240±0.007 0.454±0.026 0.137±0.005 0.128±0.005 0.283±0.011 0.073±0.014
50 0.251±0.005 0.170±0.008 0.129±0.004 0.187±0.002 0.375±0.005 0.348±0.020 0.510±0.006 0.207±0.003

rcv1subset5
10

10 0.451±0.011 0.459±0.013 0.363±0.031 0.401±0.026 0.079±0.004 0.076±0.005 0.135±0.032 0.091±0.005
50 0.352±0.015 0.338±0.018 0.263±0.011 0.315±0.025 0.133±0.012 0.145±0.016 0.247±0.023 0.148±0.013

100
10 0.397±0.006 0.403±0.007 0.248±0.007 0.254±0.006 0.122±0.006 0.115±0.006 0.274±0.019 0.111±0.002
50 0.288±0.004 0.183±0.008 0.145±0.003 0.269±0.004 0.280±0.004 0.329±0.018 0.464±0.005 0.227±0.003

scene
10

10 0.385±0.033 0.358±0.033 0.331±0.051 0.330±0.052 0.510±0.029 0.531±0.027 0.558±0.053 0.560±0.049
50 0.248±0.026 0.225±0.021 0.183±0.021 0.182±0.020 0.643±0.028 0.671±0.023 0.722±0.022 0.723±0.022

100
10 0.308±0.016 0.273±0.015 0.171±0.009 0.168±0.010 0.585±0.017 0.618±0.013 0.749±0.011 0.755±0.011
50 0.165±0.012 0.159±0.011 0.111±0.007 0.112±0.006 0.749±0.013 0.758±0.013 0.822±0.007 0.822±0.006

yeast
10

10 0.469±0.016 0.372±0.014 0.270±0.019 0.287±0.019 0.443±0.013 0.539±0.017 0.667±0.013 0.643±0.037
50 0.378±0.010 0.301±0.011 0.214±0.006 0.218±0.009 0.529±0.009 0.610±0.009 0.713±0.005 0.712±0.007

100
10 0.283±0.003 0.317±0.005 0.211±0.004 0.254±0.008 0.641±0.005 0.607±0.012 0.719±0.003 0.678±0.007
50 0.213±0.001 0.194±0.001 0.182±0.002 0.183±0.001 0.716±0.002 0.740±0.002 0.748±0.001 0.747±0.002
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introduced methods that leverage constraints not only as requirements to be
satisfied but also as an additional source of weak supervision. This perspec-
tive allows relationships among labels to compensate for the limited information
carried by complementary labels, ultimately improving learning effectiveness.

Across multiple datasets and experimental settings, our methods consis-
tently demonstrated that integrating logical constraints with complementary-
label learning yields clear benefits. These results validate our claim that con-
straints can help close the supervision gap and enhance model performance, even
in low-resource scenarios.

Future research may expand this line of work by integrating other comple-
mentary label approaches, such as CTL [8], or by incorporating hard constraints
through methods like CCN+ [14]. It would also be valuable to assess their
effectiveness on additional datasets and model families.
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