Supplementary Material for
ELDET: Early-Learning Distillation with Noisy Labels
for Object Detection

1 Limitations

While our framework demonstrates robust empirical gains under controlled noisy settings, several
limitations remain. First, the foundational assumption of our method that localization and categoriza-
tion exhibit temporally distinct early learning behaviors is based on empirical observations. Although
supported by quantitative trends, a theoretical explanation of this phenomenon is beyond the scope of
this work and remains an open question. Second, the categorization noise is synthetically generated
by uniformly sampling incorrect labels from the set of classes excluding the ground truth. While
this is a common strategy in prior work, it does not reflect the structured or semantically biased
errors that typically arise in real-world annotation processes. Third, the detection of early-learning
phase transitions is performed using curve fitting and gradient slope change, following the heuristic
methodology proposed in prior work [9]. However, this procedure is sensitive to the choice of a
hyperparameter such as the slope threshold ~, which can alter the estimated transition point and
downstream performance. These limitations underscore the need for more realistic noise modeling,
theoretically grounded dynamics analysis, and robust, data-adaptive mechanisms for to identify
learning phase transitions.

2 Compute Resources

All experiments were conducted using GPUs with 24GB VRAM (NVIDIA RTX 3090 and 4090). Our
framework maintains a teacher model that is initialized at the end of the localization early learning
phase and subsequently updated via exponential moving average (EMA) of the student model’s
parameters. Unlike co-teaching methods that require simultaneous gradient updates to two networks,
our approach avoids full dual-model training. Instead, it only requires forward passes through the
frozen teacher resulting in moderate memory and compute overhead roughly equivalent to running a
single training model alongside a lightweight inference model. One computational consideration in
our setup is the monitoring of early-learning dynamics. To detect phase transitions in learning, we
compute validation metrics on the entire training set at every epoch. This process, while crucial to
identify transition points accurately, incurs additional time cost especially for large-scale datasets
such as MS COCO [7].

3 Detailed Experimental Settings

3.1 Implementation Details

Our proposed method is implemented using the MMDetection framework [2] built on PyTorch [[11].
All input images are resized to 512 x 512 for consistency. Training is conducted using Stochastic
Gradient Descent (SGD) with a momentum of 0.9 and a weight decay of 10~. The learning rate
follows a step schedule, decreasing by a factor of 10 at predefined epochs, except for MS COCO [7]
where only a linear scheduler is used. For PASCAL VOC [3]] and MS COCO, the learning rate is set
to 0.01, and the training spans 12 epochs with a batch size of 32. In contrast, for VinDr-CXR [[10], the
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learning rate is set to 0.005, and the training spans 20 epochs with a batch size of 16. We exclude the
“No finding” class in VinDr-CXR data for fair comparison of noisy training scenario. All detectors
are initialized with a ImageNet [15] pre-trained ResNet-50 [4], and trained on NVIDIA GPUs.

3.2 ELDET Hyperparameter Details

For the ground-truth box allocation (GTBA), we set the IoU threshold 7 = 0.1, replacing predicted
box coordinates with ground-truth locations when the IoU exceeds 7. We consider the model to begin
memorizing noisy labels when the relative change in the derivative of the performance metric exceeds
the criterion with v = 0.9. The exponential moving average (EMA) momentum « is set to 0.999
for the overall model and adjusted to o,y = 0.1 for the classification head during the period after
localization memorization and before memorizing categorization noise. Other hyperparameters are
same as the original setting (e.g., the loss weight A of MMDetectionﬂ

3.3 Baselines

ORSOD [8] tackles categorization noise by adopting a dynamic decay mechanism to progressively
down-weight the top-k samples with the highest classification loss. The dynamic loss decay function
is defined as
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where L is the classification loss, X and X, represent the top-k and remaining samples, respec-
tively, ¢; denotes the current training epoch, and % is the early-learning termination epoch. The decay
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where c is a constant controlling the rate of decay (set to 10 in our experiments). This adaptive
mechanism ensures that high-loss samples have reduced impact in later training epochs, which
promotes more stable and noise-resilient learning. However, a limitation of ORSOD is that it only
suppresses the classification loss without explicitly addressing localization noise in the annotations,
which may limit its effectiveness in handling noisy box-level annotations.

ADELE [9] was originally developed for semantic segmentation tasks with noisy annotations, lever-
aging the observation that early-learning concludes at different times for each class. By updating
the labels of pixels where the model’s prediction score exceeds a certain threshold (e.g., 0.8) at the
class-specific early-learning endpoints, ADELE effectively refines noisy annotations, enabling robust
segmentation performance even in the presence of noise. To adapt ADELE for object detection, we
modified the approach to account for the inherent differences between segmentation and detection
tasks. Instead of utilizing class-specific early-learning endpoints, we defined a unified early-learning
endpoint across all classes. At this point, model predictions are used to refine annotations by replacing
noisy labels with more reliable predictions that meet strict criteria: (1) a prediction score of at least
0.5, and (2) an Intersection-over-Union (IoU) exceeding 0.5 with the corresponding ground-truth
bounding box. For such cases, both the coordinates and the class label of the original ground truth
are updated to match the model’s prediction.

3.4 Knowledge Distillation Loss Functions

We adopt the knowledge distillation loss functions used in CrossKD [[17] to guide the student models
in mimicking the un-memorized knowledge of teacher models. For RetinaNet [[14]], we use the
Quality Focal Loss [6] for classification and the Generalized IoU Loss [[13]] for localization. In the
case of FCOS [16], the classification loss is implemented with Focal Loss [[14]], while the localization
loss employs IoU Loss. For Faster R-CNN [[12], the classification loss is based on KL Divergence,
and the localization loss uses L1 Loss. Lastly, for GFL [6], the classification loss is also Quality Focal
Loss, but the localization loss relies on KD Divergence Loss. These loss functions ensure effective
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Table 1: Evaluation on the compatibility with various knowldege distillation techniques. The results
are evaluated on PASCAL VOC using RetinaNet with 40% noise. The best AP scores are highlighted
in bold, with the second-best scores underlined.

Noise Type
KD
Localization Categorization Combination
- 70.27 68.07 65.63
CrossKD [17] 74.53 73.67 68.82
FGD [18] 73.11 67.85 66.61
OFD [5] 73.36 67.50 66.03

Table 2: Hyperparameter sensitivity analysis for our proposed method under different noise conditions.
Results are evaluated on the PASCAL VOC dataset using RetinaNet with 40% noise. The table
reports performance across various values of 7 and . The best AP scores are highlighted in bold,
with the second-best scores underlined.

Noise Type
-
Localization Categorization ~Combination
0.1 09 74.53 73.67 68.82
03 09 76.67 70.55 73.46
05 09 75.41 67.71 66.68
0.1 0.7 76.11 73.07 73.39
0.1 038 75.69 73.39 71.81

knowledge transfer by aligning the outputs of the student models with those of early-phase teacher
models.

4 Additional Experimental Results

4.1 Compatible with Different Distillation Techniques

To demonstrate the flexibility of our ELDET framework, we investigate its compatibility with various
knowledge distillation techniques beyond CrossKD [[17]. Specifically, we integrate FGD [18]] and
OFD [3] into our framework and evaluate their performance under different types of noise.

As shown in Table[T] integrating FGD and OFD into our framework yields improvements over the
baseline without distillation under localization and the combined noise. These improvements indicate
that our ELDET framework is compatible with different KD techniques and can benefit from them.
However, CrossKD consistently outperforms the other distillation methods across all noise types.
These results suggest that while our framework can effectively incorporate various KD methods,
CrossKD provides the most substantial improvements in our experiments. This superiority may be
attributed to CrossKD’s ability to facilitate task-oriented knowledge transfer without only focusing
on transferring fine-grained feature embeddings from the teacher. Anagnostidis et al. [1] found that
neural networks are tolerant to label noise except in the last layer, which indicates the vulnerability
of the later layers of detectors to noisy annotations. In other words, direct distillation from the
classification head of the teacher to that of the student using CrossKD can mitigate the memorization
of noisy labels unlike other approaches.

4.2 TImpact of Hyperparameters

We conduct ablation studies on two key hyperparameters in our ELDET framework: the IoU threshold
7 used in the Ground Truth Box Allocation (GTBA) process, and the deviation threshold ~ used for
early-learning phase detection. table[2]presents the Average Precision (AP) scores under different
settings of 7 and + across localization, categorization, and combined noise types. While certain
configurations like 7 = 0.3 and v = 0.9 achieve the highest AP under localization and combined



Table 3: Evaluation of the EMA (Exponential Moving Average) strategy with varying parameters
a, Qs, and interval settings. Results are reported as AP@50 on the PASCAL VOC dataset using
RetinaNet with 40% combined noise. The table highlights the performance impact of different EMA
configurations. The best AP scores are highlighted in bold, with the second-best scores underlined.

« Qlels Interval AP@50
0.999 0.1 1 68.82
0.999 0.1 3 68.60
0.999 0.1 5 68.52

0.9 0.1 1 65.54
0.999 0.999 1 66.88
1.0 1.0 1 66.03

Table 4: Termination epoch of the early-learning phase across various noise ratios on PASCAL VOC
with FCOS.

) ) Noise Type
Noise Ratio
Localization Categorization
20% 3.00 9.00
30% 3.33 10.00
40% 3.00 11.00

noise, the first line with 7 = 0.1 and vy = 0.9 provides strong and balanced performance across all
noise conditions.

4.3 EMA Decay Rates

We analyze the impact of the momentum «, a5 and the exponential moving average (EMA) update
cycle of the student parameters for the update of the teacher network. Table [3|shows that a small
momentum of o = 0.9 reduces performance, suggesting that a strong momentum is crucial to
maintaining the stability of the teacher network. Similarly, setting a.;s = 0.999 or aiis = 1.0 (i.e.,
updating the classification head slowly before early-learning terminates for classification task) results
in lower AP. This confirms that using a smaller decay rate a,; = 0.1 for the classification head is
important to allow it to adapt more quickly, preventing the teacher from lagging behind the student’s
learning on classification tasks.

4.4 Qualitative Examples on VinDr-CXR

fig. [I] presents a qualitative comparison of the detection results of the baseline FCOS [[16] and our
proposed ELDET method on the VinDr-CXR [10] training set. This comparison underscores the
inherent challenges associated with localization and categorization anomalies in medical images.
Despite the presence of noisy labels, the detector utilizing ELDET demonstrates significantly better
alignment with the ground-truth annotations compared to the baseline FCOS. It highlights the effec-
tiveness of our method in mitigating the adverse effects of both localization and categorization noise.
Furthermore, this result emphasizes the robustness of ELDET in diverse domains, demonstrating its
applicability not only to real-world images but also to the challenging domain of medical imaging.

4.5 Distinctive Early Learning Termination.

We further investigate when the model begins to memorize noisy annotations for localization and
classification tasks separately. As reported in table [ models tends to memorize localization noise
significantly earlier compared to categorization noise on PASCAL VOC with FCOS detector. More-
over, it is noticeable that early-learning termination for categorization noise is prolonged as the noise
level increases. This observation outlines the necessity of our task-specific guidance mechanism
which indicates the appropriate moment to initiate teacher-student distillation for each task.
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Ground truth Baseline ELDET (ours)

Other lesion d . [Cardiomegaly

Figure 1: Qualitative Analysis of FCOS on the VinDr-CXR training set. Blue boxes denote model
predictions, while red boxes with bold outline represent ground truth annotations. The left panel
illustrates the original clean annotations, the middle panel displays predictions from the baseline
FCOS, and the right panel shows model outputs with our proposed ELDET. Dotted red boxes
in the middle and right panels highlight noisy labels encountered during training. Our proposed
ELDET method demonstrates superior capability in mitigating the effects of both localization and
categorization noise.
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