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Abstract—Label Distribution Learning (LDL) models label a4  ruefull distribution 04 Human annotated

ambiguity by assigning each instance a soft distribution over 03 03

labels. In many real applications, however, obtaining complete oo o

label distributions is costly: annotators typically provide explicit 02 005 005 —)

description degrees for only a few dominant labels, leaving ' I

the remaining entries unobserved. This leads to incomplete H e
3 4 5

label distributions and substantially weakens supervision. In
this paper, we study semi-supervised label distribution learning
under incomplete annotations and propose CoFuse-LDL, an
EMA teacher-student framework that leverages unlabeled data
via multi-view probability fusion and reliability-aware pseudo-
distribution filtering. Specifically, the teacher and student predict
distributions from weak and strong augmentations, and we fuse
multi-branch predictions to obtain a robust pseudo-distribution.
We then apply a confidence-based gate to filter unreliable pseudo
targets and enforce distribution consistency on unlabeled samples
with a KL divergence loss, while labeled samples are optimized
using a masked cross-entropy on observed entries. Experiments
on six LDL benchmarks with an observable ratio of 0.5 show
that CoFuse-LDL consistently outperforms competitive baselines,
demonstrating the benefit of fusing and filtering distribution-
valued pseudo supervision when label distributions are only
partially observed.

Index Terms—Label Distribution Learning; Semi-supervised
Learning; Incomplete Label Distributions; Teacher—Student
Learning; Multi-view Fusion; Reliability-aware Filtering

I. INTRODUCTION

Label Distribution Learning (LDL) [1] has become a widely
used paradigm for handling label ambiguity by representing
each instance with a continuous label distribution. In LDL,
each label is associated with a description degree that reflects
its relevance to the instance. Compared with conventional
single-label or multi-label supervision, LDL offers a finer-
grained representation that can capture mixed semantics and
potential dependencies among labels. This formulation has
shown effectiveness in a variety of computer vision and pattern
recognition tasks, such as facial age estimation [2], visual
sentiment distribution prediction [3], crowd opinion prediction
on movies [4], emotion distribution modeling [5], and aesthetic
beauty perception [6].

Fig. 1: Illustration of incomplete label distributions. The
ground-truth distribution covers all labels, but in practice only
description degrees of a few dominant labels are provided, and
the remaining entries are unobserved or aggregated, yielding
partial supervision.

Driven by its expressive power, LDL has witnessed rapid
methodological progress, largely under the assumption that
high-quality label distributions are available for training. For
instance, Wen et al. [7] introduced ordinal label distribution
learning, which preserves ordinal ranking relations by im-
posing cumulative consistency, and is particularly effective
for ordinal regression. In addition, label enhancement can
enrich supervision when annotations are indirect or weak; Jia et
al. [8] exploited label correlations on local samples to recover
latent distribution information from limited supervision. These
studies suggest that, when label distributions are sufficiently
informative and densely specified, LDL can effectively leverage
soft supervision to improve generalization and robustness.

Despite these advantages, practical deployment of LDL is
often hindered by the cost of acquiring complete and reliable
distributions. In real annotation pipelines, annotators can usually
identify a few dominant labels, yet it is difficult to assign precise
description degrees to every label in a high-dimensional label
space. As illustrated in Fig. 1, the resulting supervision is
typically incomplete: only a sparse subset of labels is explicitly
annotated, whereas the remaining entries are missing or coarsely
aggregated. This partial observability weakens the supervision
signal and introduces systematic bias toward the observed
labels, leaving less salient labels severely under-supervised and



making optimization more fragile under imperfect supervision.

Meanwhile, modern applications provide abundant unlabeled
data that are much easier to collect than full distributions. This
motivates semi-supervised label distribution learning under
incomplete supervision, where the goal is to bridge sparse, par-
tially observed distributions and large-scale unlabeled samples.
Compared to standard semi-supervised classification, SSL-LDL
faces a distinctive difficulty: the target is a distribution rather
than a discrete class, and pseudo supervision must allocate
probability mass over both observed and unobserved labels.
Without careful control, errors in pseudo-distributions can
accumulate and propagate to unobserved entries, leading to
biased distribution estimates and degraded performance.

A common approach to exploit unlabeled data is consistency
regularization with a teacher—student architecture, typically
implemented with an EMA teacher and confidence-thresholded
pseudo supervision under weak and strong augmentations [9]-
[11]. However, directly transferring generic semi-supervised
pipelines to label distribution learning is often ineffective in the
incomplete-distribution regime, mainly for three reasons. First,
the pseudo target in LDL is a high-dimensional probability
vector. Small mass shifts across labels can accumulate into
nontrivial distribution drift, which increases confirmation bias
and destabilizes self-training, especially when supervision is
sparse or partial [10]. Second, incomplete label distributions
provide supervision only on a subset of dominant labels,
which can bias the predictor toward observed entries and yield
systematically skewed pseudo-distributions on unlabeled data.
Such bias can be amplified over iterations and forms a self-
reinforcing error loop [12]. Third, distribution predictions can
vary substantially across stochastic augmentations and across
teacher and student branches, producing noisy pseudo targets
and slowing down LDL optimization.

To address these challenges, we propose CoFuse-LDL, a
reliability-guided framework that combines multi-view probabil-
ity fusion with pseudo-distribution filtering for semi-supervised
LDL under incomplete label distributions, as shown in Fig. 2.
CoFuse-LDL maintains an EMA teacher and a student network
and generates multiple distribution predictions from weakly
and strongly augmented views. Instead of adopting a single
branch as pseudo supervision, a fusion module aggregates
multi-branch outputs into a refined pseudo-distribution with
reduced variance. A reliability-aware filtering strategy then
selects confident pseudo targets to regularize unlabeled samples
via KL-based distribution matching, while labeled samples are
optimized with a masked cross-entropy objective on observed
description degrees.

Our main contributions are summarized as follows:

o We study semi-supervised label distribution learning under
incomplete label distributions, where only a subset of
description degrees is observable for each labeled sample,
and unlabeled data must be exploited without introducing
severe distribution drift.

e We propose CoFuse-LDL, which constructs robust
distribution-valued pseudo targets via multi-view fu-
sion and suppresses unreliable pseudo supervision via

reliability-aware filtering, improving training stability
under incomplete supervision.

e Experiments on multiple LDL benchmarks with an
observable-ratio protocol demonstrate consistent improve-
ments over competitive baselines, validating the effec-
tiveness of fusing and filtering pseudo-distributions for
learning from incomplete supervision.

II. RELATED WORK
A. Label Distribution Learning

Label Distribution Learning (LDL) [1] is a learning paradigm
that maps each instance to a distribution of description degrees
over a set of labels, where each value indicates how well a
label describes the instance. This paradigm was first introduced
by Geng [1] to handle scenarios involving label ambiguity.
Traditional LDL methods fall into three categories: problem
transformation (PT), algorithm adaptation (AA), and specialized
algorithms [1]. Representative examples include PT-SVM [2],
PT-Bayes [2], AA-KNN [1], AA-BP [1], etc.

Recent works on LDL have explored various strategies to
address label ambiguity. LDL-END [13] improves the kKNN-
based framework by jointly learning data-dependent weights
and incorporating neighborhood label correlations. Adaptive
weighted ranking-oriented LDL [14] introduces a label ranking
mechanism to improve robustness under noisy distributions.
Beyond algorithm design, LDL has also been applied to
many real-world applications, such as age estimation [15],
emotion analysis [16], multimodal fusion [17], head pose
estimation [18], efc.

B. Incomplete Label Distribution Learning

In many real annotation pipelines, complete label distribu-
tions are difficult to obtain. Annotators often provide description
degrees for only a few dominant labels, while the remaining
entries are unobserved or merged into a coarse group. This
setting is commonly referred to as incomplete label distribution
learning (ILDL) [19].

Existing ILDL methods mainly aim to recover the missing
description degrees from partially observed supervision. A typi-
cal strategy is to exploit sample relatedness, such that instances
close in the feature space tend to share similar distributions,
enabling missing entries to be inferred from neighbors [1]. More
recent approaches formulate ILDL as a completion problem and
reconstruct missing degrees by modeling structural regularities
of the distribution matrix, such as low rank correlations and
feature manifold constraints [19]. Related challenging settings,
such as imbalanced label distribution learning, further highlight
that biased supervision can degrade distribution prediction on
tail labels [20].

Despite these efforts, most ILDL studies focus on recovery
within the labeled set and do not directly leverage abundant
unlabeled data. In practice, incompleteness can induce biased
supervision, where tail labels receive few explicit signals,
and reconstruction errors may propagate to the predictor.
Different from prior ILDL methods, our work studies a semi
supervised setting and exploits unlabeled samples through
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Fig. 2: Overview of CoFuse-LDL. A student and an EMA teacher take weakly and strongly augmented views to produce multiple
distribution predictions. Probability fusion aggregates these predictions into a robust pseudo-distribution. Reliability-aware
filtering retains high-confidence pseudo targets for KL-based consistency on unlabeled data, while labeled samples are trained
with a masked cross-entropy objective on observed description degrees.

distribution valued pseudo supervision. We generate pseudo
distributions with an EMA teacher student scheme [9], adopt
weak and strong augmentations following the consistency and
confidence paradigm [10], [11], reduce variance by fusing multi
view predictions, and suppress confirmation bias by filtering
unreliable pseudo targets.

III. METHOD

We study semi-supervised label distribution learning with
incomplete label distributions. CoFuse-LDL adopts an expo-
nential moving average teacher—student scheme and exploits
unlabeled data via fused pseudo-distributions with reliability-
aware filtering.

A. Problem Setup and Overall Objective

Let D; = {(x,9:,m;)} Y, be the labeled set and D, =
{z; };V:”l be the unlabeled set, where samples in D,, contain
no label distributions. Each input x € X is associated with a
label distribution over K labels. A valid distribution lies in the
probability simplex

K
{yGRKH/kZU, Zyk:1}~

k=1

AR = (1)

For labeled sample ¢, the supervision is incomplete and
represented by (g;, m;), where g; € [0, 1]¥ stores the observed
description degrees and m; € {0,1}¥ is a binary mask.
Specifically, m;, = 1 if g1, is observed and m;;, = 0 otherwise.
Unobserved entries are treated as missing rather than imputed.
The observable ratio is denoted by a € (0,1] and is fixed
to a = 0.5 in our experiments, meaning that each labeled
distribution keeps the top [a K| description degrees ranked by
magnitude and masks the rest. Since y; stores partial degrees,
it is not required that Y, §ix = 1.

We learn a student predictor fp : X — R¥ with parameters
6, producing logits zg(x) = fg(x). Throughout this section, all
predictive distributions are computed by a temperature-scaled
softmax:

exp(zgk(x)/T)

x) = softmax(zq(x)/T), x)=
po() tmax(zg(z)/T), po,x() SE exp(zp,(@

)/T)’
@

where T' > 0 is the temperature parameter and 7' = 1 recovers
the standard softmax.

Training minimizes a labeled loss and an unlabeled regular-
ization loss:

3)

where A > 0 controls the strength of unlabeled regularization.
Let B, C D; and B, C D,, be mini-batches with sizes |B;]
and |B,|.

For labeled data, we fit only the observed entries and
normalize the observed degrees on their support to obtain
a proper target distribution. Define the observed mass

L= Lop+ ALy,

K
i =Y Mk, €
k=1
and the normalized observed target
Uik /Ci, if my =1 and ¢; > 0,
o 5)
0, otherwise.

Denote by py/; the student prediction on the weakly aug-
mented view of x; defined in (11). The supervised loss is a
masked cross-entropy on the observed support:

K
1 1 w
B (e et
k=1

(zi,9i,mi)EB
(6)

Esup (Bl)

B. Teacher-Student Learning with Fusion and Filtering

We generate two stochastic views of each input x using a
weak augmentation operator A,,(-) and a strong augmentation
operator Ag(+):

¥ = Ay (), z® = Ag(x),

where A; applies stronger perturbations than A,,.

Besides the student fy, we maintain a teacher network fy
with parameters ¢’. The teacher is updated by exponential
moving average

@)

0+ put +(1—p)b,

where 1 € [0,1) is the EMA coefficient.

®)



Given the two views, we compute temperature-scaled distri-
butions from student and teacher:

pY(x) = softmax(fy(x®)/T), pi(x) = softmax(fy(x*)/T),
C))
Py () = softmax(fy (¢)/T), p; () = softmax(fo(*)/T),
(10)
where the temperature parameter 7' is shared across all branches.
For labeled sample z;, we write py; = py’(z;) and define

pgji = softmax(fo(z")/T). (11

To stabilize distribution-valued pseudo supervision under
incomplete supervision, we fuse predictions from the teacher
and the student weak view to form a pseudo target. Define the
prediction set

P(z) = {p (), pi (z), ps (v)}. (12)

We compute a fused pseudo-distribution ¢(z) € AK~! via
a convex combination:

> wp(@)powp(r) 20, Y wp(x) =1,

peP(x) peEP(x)
(13)

where wp(x) is the fusion weight for branch p. In the non-
adaptive setting, we use uniform weights wp(z) = 1/|P(z)|.

We filter unreliable pseudo targets using a confidence-based
gate. The confidence score is defined as

q(z) =

s(z) = e, ar(z), (14)
and the gate is
g(x) =1[s(z) = 7], (15)

where 7 € (0,1) is the confidence threshold and 1[-] is the
indicator function.

For unlabeled samples x; € B,, we enforce the student
prediction on the strong view to match the fused pseudo target
by KL divergence:

1

Li(By) = max(1,G)

x;€EBy

(16)
where sgrad(-) blocks gradients through the pseudo target
so that £, updates only the student parameters 6. Here
G =)_,,ep, 9(x;) denotes the number of selected unlabeled
samples in the mini-batch. The KL divergence between
a,be AKX 1is

K
ag
KL(allb) = > ax loga. (17)
k=1
The overall mini-batch objective follows (3):
L(B1,By) = Lowp(Br) + A Lu(By). (18)

At training iteration ¢t € {1,...,Tax}, we update 6 by
gradient-based optimization on L£(B;,B,), and then update
6" by (8). The pseudo code of the proposed framework is
provided in Algorithm 1.

> glz;) KL(sgrad(d(z)) || p3(z;))

Algorithm 1 CoFuse-LDL: teacher—student learning with
fusion and filtering

Require: Labeled set D; = {(x;, i, m;)} ", unlabeled set

D, = {z; };VZ“I; student 0, teacher ¢’; EMA p; unlabeled
weight J\; threshold 7; temperature 7'; augmentations
Ay, As; fusion weights wy(-); optimizer Opt; iterations
max
Ensure: Trained student parameters 6

1: Initialize 6 and set 6’ < 0

2: for t =1 to Tpax do

3: Sample mini-batches B; C D; and B, C D,,

4 Loap 0, L, <=0, G0

5: for each (z;,y;,m;) € B, do

6: < Ay(z;), Py, < softmax(fo(z")/T)
7 Ci < D MikTik i

8 Lop += — Zk;mik:l % log py,
9: end for

10: Lsp — Lap/|Bi

11: for each x; € B, do

12: zf — Ay (), x5+ As(x))

13: pY softmax(fg(x;’)/T),

14: P+~ softmax(fg(xj)/T)

15: py’ <+ softmax(fo (z)/T),

16: pi < softmax( for (xj)/T)

17: g+ ZPE{IJ?HP?ZJ;”} wp(z;) P

18: g 1maxp gy > 7], G+ G+yg

19: L, += g - KL(stopgrad(q) || p3)

20: end for

21: L Lgp + AL,/ max(1,G)
22: 0« Opt(6, VL)

23: 0 «—pd +(1—-p)b

24: end for

25: return 6

IV. EXPERIMENTAL SETUP

In this section, we evaluate the proposed CoFuse-LDL

»under incomplete label distributions, where only a subset of

description degrees is observable for each training sample. We
compare CoFuse-LDL with standard LDL baselines, specialized
incomplete-LDL methods, and representative semi-supervised
paradigms adapted to distribution prediction.

A. Datasets and Evaluation

We conduct experiments on six widely used label distribu-
tion learning benchmarks: SCUT-FBP [24], Flickr-LDL [3],
Movie [25], Emotion6 [5], Natural Scene [1], and RAF-
ML [26]. To simulate incomplete label distributions, we assume
annotators provide description degrees only for dominant labels:
for each training sample with a ground-truth distribution over
K labels, we rank its entries and retain the top [aK] labels
as observed, construct a binary mask to mark observed entries,
and treat the remaining entries as missing; unless otherwise
stated, we set a = 0.5. CoFuse-LDL requires both labeled
and unlabeled training samples, so for each dataset we split



TABLE I: Chebyshev distance (|) on ILDL benchmarks with incomplete label distributions (Observable Ratio = 0.5). Only the
top 50% labels by description degree are observed; the rest are masked.

Method Movie SCUT-FBP Emotion6 Flickr_LDL RAF-ML Natural Scene
SA-BFGS [1] 0.3984 + 0.010¢  0.7852 £ 0.041«  0.8841 £ 0.021+  0.9214 4 0.018>  0.8125 4 0.019*  0.7241 + 0.024e
EDL-LRL [8] 0.3812 + 0.012¢  0.3841 £ 0.025¢  0.4421 £ 0.009¢  0.6125 4= 0.008*  0.5012 & 0.015*  0.4682 + 0.026¢
LDL-LDM [21] 0.5124 + 0.031  0.4352 £ 0.048+  0.4982 £ 0.018+  0.6024 4 0.010*  0.5621 & 0.031e  0.5014 + 0.025¢
RDA [20] 0.2432 + 0.008« 0.3214 + 0.018+  0.3854 £+ 0.009¢  0.5621 4+ 0.008*  0.4125 4+ 0.008*  0.4021 + 0.023e
SMC- LDL [19£ 0.2294 + 0.009¢  0.3015 £ 0.014¢  0.3782 £ 0.007¢  0.5482 4 0.009+  0.3984 + 0.010¢  0.3912 + 0.021¢
NoReg-ILDL [22] 0.2185 £ 0.010¢  0.2941 £ 0.021«  0.3712 £ 0.008+  0.5421 4 0.009¢  0.3842 + 0.012*  0.3854 + 0.024e
FixMatch-LDL* [10] 0.2241 + 0.011  0.2854 £ 0.020¢  0.3684 £ 0.010¢  0.5312 4 0.012*  0.3752 &+ 0.013*  0.3712 =+ 0.020e
FlexMatch-LDL* [11] 0.2115 £ 0.009¢  0.2712 £ 0.018+  0.3612 £ 0.009¢  0.5241 4 0.010*  0.3684 + 0.012*  0.3621 + 0.019¢
MeanTeacher-LDL* {9; 0.2054 + 0.011=  0.2641 + 0.024  0.3542 + 0.010¢  0.5214 4+ 0.011*  0.3621 4+ 0.014>  0.3541 + 0.021¢
ReMixMatch-LDL* [23]  0.1985 £ 0.009¢  0.2521 £ 0.019¢  0.3421 4+ 0.009+  0.5142 4+ 0.009¢  0.3512 £ 0.012¢  0.3421 £ 0.019¢
CoFuse-LDL (Ours) 0.1825 + 0.024 0.2214 + 0.031 0.3214 + 0.019 0.5012 + 0.010 0.3354 + 0.028 0.3184 + 0.021

TABLE II: KL divergence ({) on ILDL benchmarks with incomplete label distributions (Observable Ratio =
50% labels by description degree are observed; the rest are masked.

0.5). Only the top

Method Movie SCUT-FBP Emotion6 Flickr_LDL RAF-ML Natural Scene
SA-BFGS [1] 0.9542 £ 0.065¢  15.210 + 4.821¢  24.125 &+ 1.254¢  31.254 + 1.842¢ 21.425 4+ 1.521« 5.842 &£ 0.452¢
EDL-LRL [8 0.8841 £ 0.052¢ 09541 £ 0.124  1.6251 4= 0.142«  11.245 + 5.124«  1.4521 £ 0.124¢  3.125 £+ 1.842¢
LDL-LDM [21] 1.9542 £+ 0.214¢  1.2541 £ 0.184¢  1.9421 4 0.121¢  2.9542 + 0.182¢  2.1241 £ 0.210¢  1.984 + 0.195¢
RDA [20] 0.3124 £+ 0.018+  0.5214 + 0.045¢  0.8842 + 0.031«  1.9542 4+ 0.142¢  0.8521 4 0.028«  1.342 £ 0.075¢
SMC-LDL [19] 0.2984 £+ 0.016*  0.4982 + 0.039¢  0.8421 + 0.029¢  1.8841 & 0.131+« 0.8124 4 0.026*  1.295 = 0.068¢
NoReg-ILDL [22] 0.2842 + 0.015¢  0.4852 + 0.038+  0.8241 + 0.028+  1.8241 4+ 0.124=  0.7842 4+ 0.024«  1.254 £ 0.062¢
FixMatch-LDL* [10] 0.2751 £ 0.013+  0.4721 + 0.036*  0.8124 + 0.026*  1.7952 + 0.118  0.7621 4 0.031«  1.231 &£ 0.058¢
FlexMatch-LDL* [11] 0.2654 £+ 0.012¢  0.4682 £ 0.035¢  0.7952 4+ 0.025« 1.7854 + 0.112¢  0.7412 £ 0.030¢  1.214 + 0.055¢
MeanTeacher-LDL* [9] 0.2541 £ 0.014«  0.4521 £ 0.034 0.7842 4+ 0.024«  1.7241 + 0.105«  0.7142 + 0.031« 1.184 + 0.051¢
ReMixMatch-LDL* [23]  0.2312 4 0.012¢  0.4215 4 0.032¢  0.7421 £+ 0.022*  1.6541 £ 0.098*  0.6841 £ 0.028*  1.124 + 0.045¢
CoFuse-LDL (Ours) 0.2054 + 0.082 0.3842 + 0.051 0.6842 + 0.082 1.5241 + 0.142 0.6241 + 0.185 0.924 + 0.045

data into training, validation, and test subsets with a ratio of
80%/10%/10%, and then remove label distributions from part
of the training samples to form unlabeled data while keeping
the rest as labeled data; labeled samples further undergo the
observable-ratio masking, whereas unlabeled samples are used
without any label distribution.

We report four distribution distances (Chebyshev, Clark,
Canberra, and Kullback—Leibler; lower is better) and two
similarities (Cosine and Intersection; higher is better), using 10-
fold cross-validation with mean =+ standard deviation; statistical
significance is assessed by a two-tailed ¢-test at the 0.05
level, where e indicates CoFuse-LDL significantly outperforms
the compared method. We compare against standard label
distribution learning baselines (SA-BFGS [1], EDL-LRL [8],
LDLSF [27], LDL-LCLR [27], Adam-LDL-SCL [8], and
LDL-LDM [21]), incomplete-distribution methods (NoReg-
ILDL [22], SMC-LDL [19], and RDA [20]), and semi-
supervised baselines adapted to distribution learning (FixMatch-
LDL* [10], FlexMatch-LDL* [11], MeanTeacher-LDL* [9],
and ReMixMatch-LDL* [23]).

B. Implementation Details and Results

All experiments are implemented in PyTorch and conducted
on a single NVIDIA GeForce RTX 4060 GPU. We train models
with a batch size of 64 and an initial learning rate of 0.001 for
up to 300 epochs. Unless otherwise stated, we fix the observable
ratio to a = 0.5, meaning that for each labeled training sample
only the top 50% labels ranked by description degree are treated
as observed and the remaining entries are masked as missing.

TABLE III: Ablation study of CoFuse-LDL on the Movie
dataset with observable ratio 0.5. MF and PF denote multi-view
fusion and pseudo-distribution filtering. Bold values indicate
the best performance.

Index MF PF Cheb] Clark] Can] KL| Cos?t
1 0.2241  0.7962  1.5492 0.2751 0.8162
2 v 0.2085 0.7241  1.3524 0.2312 0.8421
3 v v 01825 0.6842 1.1321 0.2054 0.8725

We report results under the same observable-ratio protocol for
all compared methods.

Tables I and II report the Chebyshev distance and KL
divergence on six benchmarks. CoFuse-LDL consistently
achieves the best performance across all datasets. To avoid over-
claiming a single fixed baseline as the strongest competitor,
we compare against the best non-ours method for each dataset.
For Chebyshev distance, CoFuse-LDL improves over the best
competing method by 0.0160 on Movie (0.1825 vs. 0.1985),
0.0307 on SCUT-FBP (0.2214 vs. 0.2521), 0.0207 on Emotion6
(0.3214 vs. 0.3421), and 0.0237 on Natural Scene (0.3184 vs.
0.3421). Similar gains are observed in KL divergence, where
CoFuse-LDL reduces KL compared with the best competing
method by 0.0258 on Movie (0.2054 vs. 0.2312), 0.0373 on
SCUT-FBP (0.3842 vs. 0.4215), 0.0579 on Emotion6 (0.6842
vs. 0.7421), and 0.2000 on Natural Scene (0.9240 vs. 1.1240).
These results indicate that CoFuse-LDL improves both worst-
case label mismatch, reflected by Chebyshev distance, and



overall distribution alignment, reflected by KL divergence,
supporting the effectiveness of probability fusion and reliability-
aware filtering when label distributions are only partially
observed.

C. Ablation Study

We study the effect of key components in our framework
on the Movie dataset under incomplete label distributions with
observable ratio 0.5. As reported in Table III, starting from a
basic teacher—student consistency baseline, introducing multi-
view fusion improves distribution prediction quality by reducing
the Chebyshev distance from 0.2241 to 0.2085 and the KL
divergence from 0.2751 to 0.2312, while increasing the Cosine
similarity from 0.8162 to 0.8421. Further enabling pseudo-
distribution filtering yields the best performance, bringing the
Chebyshev distance down to 0.1825 and the KL divergence
down to 0.2054, and improving the Cosine similarity to 0.8725.
Overall, fusion stabilizes distribution-level pseudo targets by
aggregating complementary predictions, and filtering improves
robustness by suppressing unreliable pseudo supervision. The
two components are complementary under incomplete supervi-
sion.

V. CONCLUSION

This paper presents our framework for learning label
distributions from incomplete annotations. The core idea
is to construct reliable distribution-level supervision when
only the top-ranked description degrees are observable. By
combining multi-view fusion to form stable pseudo targets and
pseudo-distribution filtering to suppress unreliable supervision,
our method improves both robustness and generalization
under incomplete label distributions. Experiments on six LDL
benchmarks with observable ratio 0.5 show consistent gains
over standard LDL baselines, specialized incomplete-LDL
methods, and strong semi-supervised baselines across multiple
distance and similarity metrics. In future work, we will extend
the framework to more challenging missing patterns and
noise conditions, explore stronger uncertainty-aware reliability
modeling, and evaluate the approach on broader datasets and
real-world incomplete annotation scenarios.
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