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Supplementary Material

0.1. Pseudocode
Algorithm 1 outlines the pipeline of the proposed D3FER.
It begins by initializing the Query and Key branches with
shared parameters and an empty memory queue. During
training (lines 2–18), each epoch processes a mini-batch: it
computes weakly and strongly augmented predictions from
the Query branch and strong features from the Key branch,
storing them in the queue (lines 5–8). In the warm-up phase
(epoch < Ewarm), the model is trained with standard cross-
entropy loss and the Key branch is hard-copied from the
Query (lines 9–13). After warm-up, the algorithm performs
sample filtering and label correction using the queue (line
15), computes a multi-component loss (line 16), updates
the Query branch via gradient descent (line 17), and applies
momentum updates to the Key branch (line 18). The trained
Key branch is then used for inference on test samples to pre-
dict emotion labels (lines 20–23).

0.2. Implementation details
Following [3, 4], we generate weak and strong augmen-
tations for each image in both original and synthetically
noisy subsets of the three datasets. Weak augmentation uses
random 4-pixel cropping and horizontal flipping (probabil-
ity 0.5); strong augmentation adds RandAugment [2], ran-
domly applying two transformations (e.g., contrast, rota-
tion, translation, color inversion) on top of the weak aug-
mentation.

Our method is implemented in PyTorch on Ubuntu
18.04, using a single NVIDIA GeForce RTX 3090 GPU
with 64 GB RAM. For training, we set the total number
of epochs to 100 for RAF-DB and FERPlus, with warm-up
schedules of 10 and 5 epochs, respectively. On AffectNet,
we apply oversampling to mitigate class imbalance and pre-
vent overfitting, training for a maximum of 10 epochs with
1 warm-up epoch. The Adam optimizer is used with an ini-
tial learning rate of 0.0005, which is decayed exponentially
by a factor of 0.98 per epoch.

0.3. dataset descriptions
FER datasets RAF-DB [6] is one of the most widely used
in-the-wild FER datasets, comprising approximately 30,000
facial images collected from the Internet and meticulously
annotated by 40 trained human annotators. The dataset con-
sists of two subsets: basic and compound expressions. Fol-
lowing standard practice in in-the-wild FER research, we
use only the basic subset, which contains 12,271 training
and 3,068 test images labeled with seven basic expressions:

Algorithm 1 The Algorithmic of D3FER

Require: Query branch parameters θfQ ,θgQ ; Key branch
parameters θfK ,θgK ; Training set D = {(xi, yi)}Ni=1;
Test set Dtest = {xi}Ntest

i=1 ; Memory queueQ; Batch size
B; Learning rate η; Momentum coefficient m; Num-
ber of emotion classes C; Total training epochs Emax;
Warm-up epochs Ewarm.

1: Initialize θfQ , θgQ , Q = ∅, θfK = θfQ , θgK = θgQ

randomly
// Training Phase

2: for epoch = 1, 2, . . . , Emax do
3: Shuffle training data D
4: Sample a mini-batch Dmin from D
5: Compute weak-augmented confidence on Query

branch: {pW,Q
i }i∈Dmin via Eq. (1)

6: Compute strong-augmented confidence on Query
branch: {pS,Q

i }i∈Dmin via Eq. (2)
7: Compute strong-augmented features on Key branch:

{hS,K
i }i∈Dmin via Eq. (3)

8: push(Q, {pS,Q
i ,pW,Q

i ,hS,K
i }i∈Dmin)

9: pop(Q) // Remove the oldest batch
10: if epoch < Ewarm then
11: L = − 1

|Dmin|
∑

(xi,yi)∈Dmin

(
logpW,Q

i,yi
+ logpS,Q

i,yi

)
12: Update θfQ ← θfQ − η∇L, θgQ ← θgQ − η∇L
13: θfK ← θfQ , θgK ← θgQ

14: end if
15: Perform sample filtering and label correction onDmin

and queue via Eqs. (11)–(15)
16: Compute total loss L via Eqs. (18)–(21)
17: Update θfQ ← θfQ − η∇L, θgQ ← θgQ − η∇L
18: Momentum update Key branch: θfK ← mθfK+(1−

m)θfQ , θgK ← mθgK+(1−m)θgQ via Eqs. (5)–(6)
19: end for
Ensure: Trained Key branch parameters θfK ,θgK

// Inference Phase
20: for xi ∈ Dtest do
21: Compute classification confidence via Eq. (22)
22: Predict emotion label via Eq. (23)
23: end for

surprise, fear, disgust, happiness, sadness, anger, and neu-
tral.

FERPlus [1], also known as FER+, is an extended ver-
sion of the FER2013 dataset [5] introduced in the ICML



2013 Representation Learning Challenge. All images in
FERPlus were collected via Google Search and include
28,709 training, 3,589 validation, and 3,589 test grayscale
images of size 48×48. Each image was annotated by ten an-
notators and assigned to one of eight expression categories.
Compared to RAF-DB, FERPlus adds a ”contempt” class.

AffectNet [7] is currently the largest in-the-wild fa-
cial expression dataset, containing over 1 million facial
images collected from the web, of which approximately
450,000 are manually annotated across 11 expression cat-
egories. It provides two benchmark subsets: AffectNet-
7 (seven classes) and AffectNet-8 (eight classes, including
”contempt”). Specifically, AffectNet-7 comprises 283,901
training and 3,500 test images, while AffectNet-8 includes
287,568 training and 4,000 test images.

Occlusion and Pose Variation Subsets To evaluate ro-
bustness against occlusion and pose variations, we test
our method on multiple test subsets with occlusion or
pose annotations (e.g., Occlusion-RAF-DB, Pose-RAF-DB,
Occlusion-FERPlus, Pose-FERPlus, Occlusion-AffectNet,
and Pose-AffectNet), manually curated following the pro-
tocol in [11]. The occlusion subsets cover six types: mask,
glasses, bottom-half, top-half, left-side, and right-side oc-
clusions. Pose subsets categorize images based on whether
pitch or yaw angles exceed 30◦ or 45◦.

Synthetic Label Noise Datasets Following [10], we in-
ject synthetic label noise into the training sets of RAF-DB,
FERPlus, and AffectNet-7 by randomly selecting a fixed
percentage of samples and assigning them random incorrect
labels (e.g., at 30% noise level, 30% of training labels are
corrupted). The test sets remain unchanged and noise-free,
enabling evaluation of model robustness under realistic la-
bel noise conditions.

0.4. Feature Distribution Visualization
To further validate the effectiveness of D3FER, we visu-
alize feature embeddings of the RAF-DB test set using t-
SNE [9], as shown in Figure 1. The visualization includes
3,068 images across seven expression classes, comparing
the baseline ResNet-18 with our D3FER. Each color de-
notes a category of facial expression. Under clean labels
(Figure 1(a), ResNet-18 produces scattered features with
significant inter-class overlap, indicating limited discrim-
inability. In contrast, D3FER (Figure 1(b) yields tightly
clustered and well-separated features, owing to its dynamic
queue-based contrastive learning module. As label noise in-
creases, ResNet-18’s embeddings become increasingly en-
tangled, revealing high sensitivity to noisy supervision. Re-
markably, D3FER maintains clear inter-class boundaries
and strong intra-class compactness even under substantial
noise, demonstrating superior robustness.

(a) ResNet-18 (0% label noise). (b) D3FER (0% label noise).

(c) ResNet-18 (10% label noise). (d) D3FER (10% label noise).

(e) ResNet-18 (20% label noise). (f) D3FER (20% label noise).

(g) ResNet-18 (30% label noise). (h) D3FER (30% label noise).

Figure 1. Feature distributions of ResNet-18 and D3FER on RAF-
DB under varying levels of label noise.

0.5. Attention Visualization

To investigate the differences in facial region attention be-
tween the Query and Key branches, we visualize their
attention-weighted activation maps using Grad-CAM [8] on
RAF-DB, as shown in Figure 2. As observed, the Key
branch demonstrates superior attention characteristics: its
activation is spatially balanced and covers a broader range
of facial regions, capturing both discriminative local cues
(e.g., eyes, mouth) and holistic structures (e.g., cheeks,
forehead), reflecting stronger global contextual awareness.
In contrast, the Query branch focuses narrowly on a few
salient regions, often overlooking subtle yet informative ar-
eas, which limits its ability to handle ambiguous or com-
plex expressions; its attention maps also exhibit higher vari-
ability across samples, indicating reduced stability under



Figure 2. Attention maps of the Query and Key branches. The first
row displays the original input images, while the second and third
rows show the attention maps generated by the Query and Key
branches, respectively. Darker regions indicate higher attention
weights.

occlusion or noise. This enhanced robustness of the Key
branch stems from its momentum-based parameter update,
which smooths optimization trajectories and mitigates at-
tention bias from noisy or outlier samples. Consequently,
it learns to attend consistently to semantically meaningful
facial regions, yielding more discriminative and robust fea-
tures for facial expression recognition—particularly benefi-
cial for reliable inference in real-world conditions.

1. Analysis of FER Confusion matrices

We visualize the confusion matrices of D3FER across dif-
ferent datasets in Figure 3, where the vertical axis rep-
resents the true classes, and the horizontal axis indicates
the predicted classes by the model. These matrices not
only reveal the recognition accuracy for each emotion cat-
egory but also highlight the most commonly misclassified
emotions, thereby indicating directions for model enhance-
ment. Specifically, on the RAF-DB dataset, while the
model excels at recognizing “happiness” and “surprise,” the
confusion between “anger” and “disgust” suggests signif-
icant feature overlap between these two emotions. Simi-
larly, in the FERPlus dataset, the misclassification between
“sadness” and “fear” points to their inherent similarities,
suggesting potential improvements through the incorpora-
tion of contextual information or more detailed annota-
tion strategies. Furthermore, results from AffectNet-7 and
AffectNet-8 indicate that the model faces greater challenges
with nuanced emotional distinctions, especially with cate-
gories such as “neutral,” “happy,” and “surprise.” The higher
confusion rates among these categories may be attributed to
the intrinsic difficulty of annotating subtle expressions and
the distribution of samples within these datasets, highlight-
ing areas for further investigation.

Figure 3. D3FER confusion matrices on RAF-DB, FERPlus, and
AffectNet.
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