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Abstract. Facial Expression Recognition (FER) in the wild is inher-
ently affected by annotation ambiguity and noisy label. Recent label dis-
tribution learning (LDL) methods alleviate this issue by exploiting neigh-
borhood information. However, existing approaches typically rely on
static or heuristic mechanisms to estimate neighbor contribution weights,
limiting their capacity to model complex dependencies among neighbor-
ing samples. In this paper, we propose Mamba-driven Neighbor Weight
Refinement (Mamba-NWR), a robust FER framework that integrates
cross-attention routing (CAR) for initial neighbor weight estimation and
Mamba-based iterative refinement (MIR) for distribution aggregation,
effectively handling noisy labels. Specifically, our CAR mechanism intro-
duces a multi-route local feature projection for both the input and neigh-
bor samples. The subsequent cross-attention-based interaction among
these features serves as the foundation for computing the initial neigh-
bor weights. Then, we employ a Mamba-based state space model to iter-
atively refine the contribution weights of neighboring label distributions,
enabling dynamic balance between preserving historical states and ab-
sorbing new neighborhood information. The optimized neighbor distribu-
tions are then aggregated with the original logical label through a learn-
able fusion factor to construct the final supervision information. Exten-
sive experiments on multiple benchmark datasets demonstrate that our
approach consistently improves robustness under ambiguous and noisy
annotations, achieving state-of-the-art performance.

Keywords: Facial Expression Recognition - Label Distribution Learn-
ing - Neighbor Weight Refinement

1 Introduction

Facial Expression Recognition (FER) is a fundamental task in affective com-
puting, with wide applications in human-computer interaction and behavioral
analysis [22]. Although deep neural networks and large-scale datasets have led
to significant progress |10,(16}|18|, FER still faces considerable challenges in real-
world applications. The primary difficulty is mainly due to the subjective and
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Fig. 1: Comparison between our proposed Mamba-NWR, (bottom) and the traditional
facial recognition framework (top).

ambiguous nature of facial expressions: the same facial appearance may be inter-
preted as different emotions by different observers, especially for subtle or tran-
sitional expressions |35,/41]. Furthermore, large-scale datasets are often labeled
through crowd-sourcing, which inevitably introduces label noise and inconsis-
tency [23/29]. These issues result in unreliable supervision information during
training, which limit the model’s robustness and generalization [37]. Therefore,
addressing expression ambiguity and label uncertainty remains a critical chal-
lenge for FER.

To alleviate the adverse effects of ambiguous expressions and unreliable an-
notations, a number of approaches have been proposed to improve the robustness
of FER models. Early efforts focus on designing noise-tolerant loss functions or
correction mechanisms to reduce the influence of corrupted labels during train-
ing [20,31]. Beyond loss-level solutions, recent studies introduce uncertainty mod-
eling strategies that explicitly estimate the reliability of samples or predictions,
enabling regulation of the learning process under noisy supervision [30]. Other
works explore the use of contextual cues, relational information, or auxiliary
structures to enrich supervision and capture latent correlations among facial ex-
pressions beyond individual instances [13}/14]. These methods have demonstrated
encouraging improvements, especially in challenging in-the-wild environments.
However, most existing approaches regulate supervision using static or shallow
mechanisms, which limits their ability to model complex inter-sample dependen-
cies. As a result, such methods may struggle to dynamically adjust supervision
under varying levels of ambiguity. These limitations highlight the need for more
expressive and flexible frameworks that can progressively refine and regulate
supervision while maintaining its reliability and stability in FER tasks.

In this paper, we propose a novel framework with progressive neighborhood-
aware refinement for FER that aims to construct more informative and robust
supervision information under ambiguous annotations, as illustrated in Fig. [T}
The key idea is to model neighborhood aggregation as an iterative optimization
process rather than relying on static or heuristic weighting mechanisms. Most ex-
isting neighborhood-based methods perform aggregation in a single pass, where
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neighbor weights are computed from initial similarity measures and directly used
for distribution aggregation without any error-correction mechanism. However,
under noisy and ambiguous supervision, these initial neighborhood relations are
often unreliable, and static weighting may amplify noise rather than suppress
it [11]. This limitation motivates the need for a dynamic refinement strategy that
can progressively correct biased neighbor estimations. Given an input sample,
we first identify its neighbors in the auxiliary space (Valence-Arousal Space) and
obtain an initial estimate of their contribution weights using the cross-attention
routing mechanism. This design provides a stable and effective initialization.
Building upon this initialization, we introduce a Mamba-based state space model
to dynamically refine the neighbor contribution weights in a sequential manner.
At each iteration, the model takes the aggregated neighbor distribution as input
and adaptively updates the weights by balancing historical state information and
newly absorbed neighborhood. Through multiple iterations, the model progres-
sively selects and emphasizes informative neighbors while suppressing unreliable
ones. The optimized neighbor distribution is then combined with the original
logical label via a learnable fusion factor to construct the final supervision in-
formation. The main contributions of this paper are as follows:

— We propose a novel framework with progressive neighborhood-aware refine-
ment that formulates neighbor supervision modeling as an iterative opti-
mization process.

— We introduce a Mamba-based state space model to dynamically refine neigh-
bor contribution weights, providing an adaptive mechanism for supervision
regulation.

— We design a cross-attention routing mechanism to initialize neighbor contri-
bution weights, offering a stable and informative initial state.

— Extensive experiments on multiple benchmark datasets demonstrate that
the proposed method consistently maintains robustness under ambiguous
and noisy labels, achieving state-of-the-art performance.

2 Related Work

2.1 FER with Noisy Labels

FER in unconstrained environments is severely affected by label ambiguity and
noisy annotations arising from subjective labeling and inter-class similarity. To
alleviate this issue, recent studies have explored robust learning strategies under
noisy supervision. ASM introduces adaptive sample mining to dynamically sep-
arate clean, ambiguous, and noisy samples based on confidence estimation and
mutual learning, improving robustness during training [40]. LA-Net exploits fa-
cial landmark cues to construct neighborhood-based label distributions, thereby
suppressing uncertainty in expression space without incurring extra inference
cost [33]. ReSup further enhances noise suppression by modeling clean and
noisy label distributions via dual-network collaboration, achieving strong per-
formance gains |36]. In addition, consistency-based regularization methods such
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Fig. 2: Overview of the proposed framework for FER with noisy labels.

as MCR learn noise-robust representations by enforcing prediction consistency
rather than relying solely on labels [26]. Other works focus on label distribu-
tion learning with uncertainty compensation to refine supervision information
in FER . Although these approaches highlight the effectiveness of structured
supervision, the mechanisms for dynamic weighting and iterative refinement in
neighbor modeling have not been sufficiently explored.

2.2 Inter-sample Relationships in FER

In FER, exploiting relationships among samples or features has proven effec-
tive for enhancing discriminative representations. Recent studies increasingly
adopt neighborhood- or relation-aware mechanisms to model local and global
interactions. For instance, coordinate-based neighborhood attention is proposed
to capture directional dependencies among nearby features, effectively retriev-
ing local relational cues and achieving competitive performance on benchmark
datasets . Other works integrate contextual information through attention-
based architectures that fuse hierarchical features, enabling the modeling of
inter-dependencies among facial regions and improving expression discrimina-
tion . Additionally, approaches combining local feature enhancement with
global correlation have been shown to alleviate challenges caused by occlusion
and pose variation, implicitly reinforcing relational cues during representation
learning . These methods demonstrate the importance of relational model-
ing in real-world FER. Nevertheless, most existing approaches rely on static or
heuristic aggregation strategies, lacking both dynamic adaptability and progres-
sive refinement mechanisms to adaptively weight neighbor contributions, which
motivates more flexible neighbor-aware frameworks.
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3 Method

3.1 Overview

Given an input facial image x;, the goal of facial expression recognition under
noisy labels is to learn a robust classifier f(-) that can tolerate annotation am-
biguity while preserving discriminative representations. Instead of relying solely
on the provided label y;, we aim to construct a more informative supervision
information by exploiting neighborhood consistency among samples. Figure [2]
illustrates the overall framework of the proposed method.

Specifically, for each input sample x;, we first retrieve its K nearest neighbors
N; = {xi,,---,X;i, } In an auxiliary space using a KNN-based strategy. Each
neighbor is processed by a shared backbone network and classifier to obtain its
corresponding predictive label distribution. A critical challenge is to determine
appropriate contribution weights w; = [w;,, ..., w;,] for different neighbors, as
noisy labels and ambiguous expressions may lead to unreliable neighborhood
information.

To address this challenge, we formulate neighbor contribution estimation
as an iterative refinement process. We first introduce a cross-attention routing
(CAR) module to generate an initial estimation w'”. The CAR module performs

K3
multi-route feature projection for both the center sample and its neighbors, and
computes initial neighbor weights through cross-attention-based interaction, pro-
viding a stable and effective initial state. Based on this initialization, we further
propose a Mamba-based state space model to iteratively refine the neighbor

weights. At iteration ¢, the model takes the aggregated neighborhood distribu-

tion pl(.t) as input and updates the weight vector Wgt) by dynamically balancing

historical state information and newly absorbed neighborhood cues. After T it-
(T)

,~ are obtained and used to construct the final
aggregated neighborhood distribution p(T).

7

erations, the optimized weights w

Finally, the optimized neighborhood distribution pz(-T) is fused with the origi-
nal logical label y; through a learnable fusion factor A; to form the final supervi-
sion information y; for training. The entire framework introduces no additional
computational cost during inference. By jointly modeling neighborhood relation-
ships and iterative weight refinement, the proposed method effectively mitigates
the impact of noisy labels and improves robustness in facial expression recogni-
tion.

3.2 Iterative Neighbor Weight Refinement

In this section, we describe the proposed iterative neighbor weight refinement
strategy, which consists of two key components: CAR-based weight initialization
and Mamba-based iterative refinement. The overall objective is to learn reli-
able neighbor contribution weights under noisy labels by progressively refining
neighborhood supervision.
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Neighborhood construction in the Valence—Arousal Space Following
previous studies [4,34], we assume that facial images tend to share similar emo-
tional semantics with their neighbors in an appropriate auxiliary space. Under
this assumption, the label distribution of a given instance can be constructed
by aggregating information from its neighbors, which provides a more reliable
supervision information under noisy labels. A key factor in this process is the
choice of the auxiliary space, which should be highly correlated with the under-
lying emotion space to enable effective information transfer.

Among various candidates, such as facial landmarks or action units, we adopt
the valence—arousal (V—A) space as the auxiliary space. The V-A representation
provides a continuous and compact description of affective states, where valence
measures the positivity or negativity of an expression, and arousal reflects its
activation or intensity level. This representation has been widely used to charac-
terize the human emotional spectrum and exhibits strong correspondence with
discrete emotion categories. As a result, the V-A space is particularly suitable
for modeling affective similarity and constructing meaningful neighborhoods.

Formally, for each sample x;, we associate it with a V—A representation v; =
(vyal varo) € R2. Since ground-truth V-A annotations are not always available
across FER datasets, we adopt an existing method [27] to generate pseudo V-A
values for all samples. Based on these representations, the neighborhood of x; is
constructed using a KNN strategy:

N = KNN(v;, {v;}]Ly), (1)
where the distance between two samples is defined as

dij = [[vi = vjlf2- (2)

CAR-based Weight Initialization Based on the neighborhood N; constructed
in the V-A space, we first feed the center sample x; and its K neighbors {x;, }X_,
into a shared feature extractor F to obtain deep feature representations, which
are then mapped to predictive label distributions by a classifier f:

fi = F(xi), £, =F(xi,), (3)

vi=[f), v =fE), (4)

where y; € R® denotes the predictive label distribution over C' emotion classes
for the center sample, and y;, € RY represents the corresponding distribution
of the k-th neighbor.

To initialize neighbor weights under noisy labels, we propose a CAR mecha-
nism. This mechanism can decompose holistic representations into multiple func-
tional routes, thereby explicitly modeling the fine-grained semantic agreement
between samples. Unlike standard self-attention which focuses on intra-sample
dependencies [28|, our CAR mechanism encode features as vector entities and
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model part—whole relationships through consistency between the center sam-
ple and its neighbors. By projecting features into different semantic routes, the
model can effectively discern whether a neighbor shares consistent local affec-
tive patterns with the center sample. This routing process ensures that neighbor
contributions are determined by multi-dimensional semantic alignment rather
than simple proximity, providing a robust foundation for handling ambiguous
annotations.

Concretely, the CAR introduces a multi-route local feature projection for
both the input and neighbor samples. The feature vector f; is first transformed
into a set of local feature routes:

U; € RNMix4, (5)

where N; denotes the number of local routes and d; is the dimensionality of each
route. The same transformation is applied to each neighbor feature f;, , yielding

U;, € RNMxd, (6)
Each route is then normalized to ensure stable feature:
u|l* u
norm(U) = ——————. (7)
L+ U] [[U]|

These local features are subsequently projected into high-level semantic spaces
through a shared transformation matrix Wy m, € RN xNuxdi X,

i i 0

where n € {1,...,N;} indexes the local routes and m € {1,..., Ny} indexes
the high-level semantic categories. Here, Nj and dj denote the number and
dimensionality of high-level semantic categories, respectively. Each local route
casts a vote for every high-level semantic categories through the transformation
matrix W, ,,.

The subsequent cross-attention-based interaction among these features serves
as the foundation for computing the initial neighbor weights. For each local route
n, the agreement between the center prediction and the neighbor prediction is
computed as:

oM _ <U§n)vU§:)> ©)
" vy

and normalized across neighbors:
m_ explef)
Y T K oy
Zj:l eXp(eij )

The initial neighbor weight for x;, is then computed by averaging routing
coeflicients across all local routes:

(10)

©_ 1=
0 n
w;; ZEZ% , (11)

n=1
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which is subsequently normalized to satisfy Z el w(o) =

Through the CAR mechanism, the model is able to identify neighbors that
not only lie close in the V—A space but also exhibit high semantic agreement
with the center sample at a fine-grained multi-route level.

Mamba-based iterative refinement Most neighborhood-based methods op-
erate in a single pass. They compute weights based on initial, often noisy similar-
ity measures and then perform direct aggregation without any error-correction
mechanism. This reliance on potentially unreliable initial neighborhood rela-
tions can amplify errors. To further optimize neighbor weights in a dynamic and
context-aware manner, we employ a Mamba-based iterative refinement mech-
anism [7]. Using the neighborhood information as input, it iteratively updates
these weights over multiple steps. This process refines the reliability of each
neighbor through repeated contextual reasoning. Even if the initial weights are
significantly biased due to noise, Mamba can gradually correct them in subse-
quent iterations by integrating global information from all neighbors, thereby
mitigating the influence of anomalous samples. This results in more accurate
pseudo- labels that are consistent with the broader context.

Let {w },’? ; denote the initial neighbor weights obtained from the CAR.
Using these weights, we first construct an initial aggregated neighbor label dis-
tribution:

Z Wi, (12)

This distribution summarizes the semantic consensus among neighbors weighted

() (t) into the same dimension

by their initial reliability. We project both w;
d,.
Correspondingly, we initialize the Mamba hidden state using the neighbor

weights:

and p;

0 0 0
wi = [, .. w2 (13)

l17

At iteration ¢, the Mamba module updates the hidden state according to:
WEH_U Ao w(t) +Bo p(t)7 (14)

where A and B are learnable parameters controlling state retention and input
absorption, respectively, and ® denotes element-wise multiplication. Intuitively,
A determines how much of the previous neighbor weighting is preserved, while
B controls how the current semantic distribution influences the weight update.

Using the updated weights, a new aggregated neighbor label distribution is
computed:

t+1) Zw t+1)Azk7 (15)

Through this iterative process, neighbor weights are progressively refined
under the guidance of the evolving aggregated semantic distribution. Unlike
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conventional approaches that update distributions based on fixed weights, our
formulation treats neighbor weights as latent dynamic variables and allows them
to adapt according to global semantic consistency. After T iterations, the final
neighbor weights WET) are used to construct the refined neighbor distribution,
which serves as a robust supervision information under noisy labels.

3.3 Dynamic Fusion and Loss Function

After obtaining the refined neighbor weights WgT) through the Mamba-based
iterative optimization, we construct the final aggregated neighbor label distri-

bution as:
K

P = wy Y, (16)
k=1
Instead of relying solely on either the original logical label of center sample or
the neighbor-induced distribution, we dynamically fuse the two using a learnable
parameter \; € [0,1]:
Pi=Nyi+(1—X)p*. (17)

The parameter \; is produced by a prediction head and is optimized jointly with
the rest of the network via back-propagation.

Intuitively, A; controls the relative trust between the center sample and its
neighbors. A larger )\; indicates that the model places more confidence in the
original logical label of center sample, which is desirable when the neighbors are
less reliable or semantically inconsistent. Conversely, a smaller \; encourages the
model to rely more on the aggregated neighbor distribution, which is beneficial
when the original logical label of center sample is incorrect but its neighbors
provide consistent semantic evidence. This adaptive fusion allows the model
to flexibly balance self-information and neighborhood consensus under varying
noise conditions.

The fused distribution p; is then used as the supervision information for
training. Specifically, we adopt the cross-entropy loss between the fused distri-
bution and the network prediction:

N C
£CE = - Z Zﬁi,c IOg ?ji,c’ (18)

where g; . denotes the predicted probability of class c for sample x;.

To further enhance class separability and mitigate the adverse effects of noisy
labels, we additionally incorporate a discriminative loss term following previous
work [2/6]. Given the feature representation f; and the class prototype p.., the
discriminative loss is defined as:

N
1
Lais=> | Ifi—pyl5— =—= D> Ifi—nl3 ], (19)
C-1

i=1 Hyi




10 Y. Yang and X. Tian et al.

where y; is the class index of the i-th sample while p,. and p, denotes the feature
centroids of the y;-th and c-th classes, respectively. This loss encourages features
to be close to their corresponding class centers while being far away from other
class centers, thereby improving discriminability under noisy supervision.

The overall loss function is given by:

L = Lok + BLais, (20)

where 3 is a balancing coefficient controlling the contribution of the discrimina-
tive loss.

4 Experiments

4.1 Datasets

We evaluate our method on three widely used FER benchmarks: RAF-DB [15],
AffectNet [18], and FERPlus |1]. RAF-DB contains approximately 30,000 in-
the-wild facial images with large variations in pose, illumination, and occlusion,
annotated by multiple trained annotators into seven basic emotion categories.
Following the standard protocol, it is split into 12,271 training images and 3,068
testing images. AffectNet is a large-scale dataset with over 400,000 Internet
images annotated with both discrete emotion labels and valence—arousal val-
ues. We use its manually annotated subset, comprising about 287,000 train-
ing samples and 3,500 test samples, and focus on the seven basic emotions for
consistency. FERPlus extends FER2013 by providing more reliable annotations
through crowd-sourcing, where each image is labeled by ten annotators. We con-
vert the voting results of the seven basic emotions into soft label distributions
and use the standard split of 28,709 training images and 3,589 testing images.

4.2 Implementation details

We resize all input facial images to 224 x 224 pixels and apply standard data aug-
mentation techniques, including random horizontal flipping and random crop-
ping, to enhance the diversity of the training data. We adopt ResNet-18 [10] as
the backbone network, which is initialized with ImageNet pre-trained weights.
For neighborhood construction in the auxiliary V—A space, the number of nearest
neighbors is fixed to K = 8 for all experiments. In the proposed CAR mecha-
nism, the IV is set to 16, and the N, is 7. The dimensionalities of local routes and
high-level concepts are fixed to d; = 8 and dj, = 16, respectively. For the Mamba-
based iterative neighbor weight refinement module, the number of iterations is
set to T' = 3. The dynamic fusion parameter \ is initialized to 0 and optimized
jointly with other network parameters via back-propagation. The balancing co-
efficient of discriminative loss is fixed to f = 0.1. The model is optimized using
the Adam optimizer [12] with a batch size of 32. All hyper-parameters are kept
fixed across different datasets to ensure fair comparison.
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Table 1: Comparison with state-of-the-art methods under symmetric noise.

RAF-DB AffectNet FERPlus
10% 20% 30% 10% 20% 30% 10% 20% 30%
Baseline 81.01 77.98 7550 57.24 55.89 52.16 83.29 82.34 79.77

Method

SCN 82.18 80.10 77.46 58.58 57.25 55.056 84.28 83.17 82.47
DMUE 83.19 81.02 79.41 61.21 59.06 56.88 - - -

RUL 86.17 84.32 82.06 60.54 59.01 56.93 86.93 85.05 83.90
EAC 88.02 86.05 84.42 61.11 60.29 5891 87.03 86.07 85.44

SOFT 89.05 87.86 86.08 61.16 61.35 59.50 - - -
FENN 85.45 83.41 81.84 59.49 58.21 57.09 - - -
LA-Net 88.75 87.12 85.33 62.85 61.72 60.82 88.02 86.85 86.01
LDLVA  87.98 86.81 85.85 64.37 63.89 62.57 - - -
MCR 89.28 87.61 86.08 62.33 61.35 59.50 - - -
Ours 89.97 88.38 87.62 66.18 65.66 63.91 88.11 87.62 87.15

4.3 Comparison with State of the Arts

Evaluation on Symmetric Noise We conduct extensive experiments to eval-
uate the noise robustness of our approach by artificially corrupting the training
labels with symmetric noise at varying rates: 10%, 20%, and 30%. The cor-
rupted labels are generated by randomly allocating the original labels to other
emotion classes with equal probability. We compare our method against compet-
itive noise-robust approaches: MCR [26], LDLVA [13|, LA-Net [33|, FENN |g],
SOFT [17], EAC |39], RUL [38], DMUE |24], and SCN [32] on both RAF-DB,
AffectNet, and FERPlus datasets, as shown in Tab. [I The results show that
our method consistently surpasses MCR, which represents the current best-
performing method in this comparison. Specifically, on the RAF-DB dataset,
our approach outperforms MCR by 0.69%, 0.77%, and 1.54%, under 10%, 20%,
and 30% noise ratios, respectively. On the AffectNet dataset, we achieve im-
provements of 1.81%, 1.77%, and 1.34% over LDLVA at the corresponding noise
levels. The experimental results validate that our method effectively handles
label noise and maintains stable performance under all ratios of noise.

Table 2: Comparison with state-of-the-art methods under asymmetric noise on RAF-
DB.

Method 10% 20% 30%

DMUE 74.18 73.67 66.09
SOFT 88.01 86.35 81.92
Ours 89.30 87.44 83.56
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Table 3: Ablation study of different neighbor weight initialization strategies under
varying noise ratios on three FER datasets.

Datasets | Methods 10% 20% 30%
V-A Distance 88.04 87.51 85.96
RAF-DB Feature Similarity 88.43 87.45 86.16
CAR(Ours) 89.97  88.38  87.62
V-A Distance 60.15 58.93 57.20
AffectNet Feature Similarity 65.01 63.89 60.43
CAR(Ours) 66.18  65.66  63.91
V-A Distance 84.73 83.49 82.21
FERPlus Feature Similarity 86.80 85.77 84.64
CAR(Ours) 88.11  87.62  87.15

Evaluation on Asymmetric Noise Real-world noisy labels often exhibit
asymmetric patterns, where certain emotion classes are more likely to be con-
fused with other specific categories rather than being evenly distributed across
all classes [9,/19]. To simulate this realistic scenario, we design asymmetric noise
experiments where label injection follows class-dependent transition probabili-
ties. We construct an asymmetric noise transition matrix by analyzing common
confusion patterns in FER. Specifically, we train a standard ResNet-18 model
with clean data and construct a matrix based on its top-1 error. Based on this
analysis, we identify the most common misclassified pairs and design a transition
matrix where each emotion class has a higher probability of being misclassified
to the most easily confused corresponding classes. For example, the "fear" ex-
pression is mainly mislabeled as "surprise", while "disgust" is mainly confused
with "anger".

We benchmark our method against SOFT and DMUE under asymmetric
noise rates of 10%, 20%, 30%. Asymmetric noise presents greater challenges
than symmetric noise as models must simultaneously discriminate confusable
sentiment pairs and maintain robustness against systematic labeling biases. Our
experimental results show that our method maintains excellent performance un-
der asymmetric noise conditions, as shown in Tab. [2l On RAF-DB, we achieve
1.29%, 1.09% and 1.64% improvements over SOFT at 10%, 20% and 30%noise
rates, respectively. Our proposed approach achieves consistent improvements un-
der different asymmetric noise rates, indicating that our method can effectively
handle label noise commonly found in real applications.

4.4 Ablation Studies

Effect of CAR-based Weight Initialization This experiment evaluates the
effectiveness of different neighbor weight initialization strategies under noisy la-
bels. We compare the proposed CAR initialization with two commonly used
alternatives: (1) V-A distance-based initialization, which assigns weights ac-
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Table 4: Ablation study on the effect of Mamba-based weight refinement under dif-
ferent noise ratios.

RAF-DB AffectNet FERPlus
10% 20% 30% 10% 20% 30% 10% 20% 30%

Without Mamba ~ 88.15 86.81 86.43 65.29 64.90 62.72 87.23 86.74 85.96
With Mamba (Ours) 89.97 88.38 87.62 66.81 65.66 63.91 88.11 87.62 87.15

Method

cording to the Euclidean distance in the auxiliary V-A space, and (2) feature
similarity-based initialization, where weights are computed using cosine simi-
larity between deep features. For fair comparison, all variants share the same
neighbor set constructed in the V—A space, while the subsequent Mamba-based
refinement and dynamic A fusion are kept identical.

We conduct experiments on three widely used FER datasets under three dif-
ferent noise ratios (10%, 20%, and 30%). The results are summarized in Table

From the results, we observe that distance-based and feature similarity-based
initialization strategies exhibit noticeable performance degradation as the noise
ratio increases across all datasets. This is mainly because these methods rely on
coarse similarity measures and are sensitive to noisy supervision. In contrast, the
proposed CAR initialization consistently achieves superior performance under
all noise levels. By enabling fine-grained route-level comparison between the
center sample and its neighbors, our method can effectively identify reliable
neighbors that provide consistent semantic evidence, resulting in a more robust
initialization under noisy labels.

Effect of Mamba-based Weight Refinement This experiment evaluates
the effectiveness of the proposed Mamba-based iterative neighbor weight refine-
ment module. We first compare the full model with Mamba refinement against
a variant without Mamba, where neighbor weights are initialized by the CAR
mechanism and kept fixed during training. All other components, including dy-
namic A fusion and loss functions, remain unchanged to ensure fair comparison.

Experiments are also conducted on three FER datasets under three noise ra-
tios (10%, 20%, and 30%). From Table[d] we observe that incorporating Mamba-
based refinement consistently improves performance across all datasets and noise
levels. Furthermore, it maintains high accuracy even at high noise levels, indi-
cating that our method is still applicable in high-noise environments.

To further analyze the influence of the number of refinement iterations, we
evaluate the model with different numbers of Mamba iterations 7. The results
on RAF-DB are reported in Table [5] where all other settings are fixed.

We find that performance improves steadily as the number of refinement iter-
ations increases, and reaches the best performance at 7' = 3. Further increasing
the number of iterations leads to marginal gains or slight degradation, which sug-
gests that excessive refinement may introduce redundant updates. Based on this
observation, we set the number of Mamba iterations to 7" = 3 in all experiments.
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Table 5: Effect of the number of Mamba refinement iterations 7" on RAF-DB.

Iterations T' 10% Noise 20% Noise 30% Noise

T=1 87.68 87.22 86.36
T=2 88.19 87.73 87.15
T=3 89.97 88.38 87.62
T=4 89.21 88.10 87.34

Table 6: Ablation study on the effect of dynamic A fusion on RAF-DB.

Fusion Strategy 10% Noise 20% Noise 30% Noise
Fixed A = 1 (Center Only) 84.28 82.09 80.12
Fixed A = 0 (Neighbors Only) 88.35 87.51 86.74
Learnable A (Ours) 89.97 88.38 87.62

Effect of Dynamic A Fusion This experiment investigates the impact of the
proposed dynamic A fusion strategy, which adaptively balances the contribution
of the center prediction and the aggregated neighbor distribution. To evaluate
its effectiveness, we conduct experiments on the RAF-DB dataset under three
different noise ratios (10%, 20%, and 30%). We compare the proposed learnable
A with two fixed fusion strategies: (1) A = 1, where only the center prediction
is used for supervision, and (2) A = 0, where supervision relies solely on the
aggregated neighbor distribution. All other components of the model are kept
unchanged for fair comparison.

As shown in Table [f] both fixed fusion strategies suffer from noticeable per-
formance degradation under noisy labels. Relying solely on the center prediction
is vulnerable to corrupted annotations, while using only the neighbor distribu-
tion may introduce bias when neighbors are unreliable. In contrast, the pro-
posed learnable A\ consistently achieves superior performance across all noise
levels. These results demonstrate that dynamically balancing self-information
and neighborhood consensus is crucial for robust facial expression recognition
under noisy supervision.

5 Conclusion

This paper proposes a robust FER framework for learning with noisy labels.
Using the valence—arousal space, we construct meaningful neighborhoods for re-
liable auxiliary supervision. CAR selectively identifies informative neighbors at
the route level, while Mamba-based iterative refinement progressively optimizes
neighbor weights and aggregated label distributions. A learnable fusion param-
eter further balances the original label and neighborhood consensus. Extensive
experiments on multiple FER benchmarks under symmetric and asymmetric
noise demonstrate consistent improvements over state-of-the-art methods, vali-
dating the effectiveness and robustness of our approach.
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