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Abstract. Label noise is a major challenge in large-scale supervised
face recognition, where weak or automatic annotations often introduce
errors that mislead training. To address this, we propose a noise robust
framework that performs noise detection and sample selection directly
in cosine-similarity space. We observe that the non-target cosine similar-
ities of clean samples share a highly consistent distribution profile with
the target similarities of unfitted mislabeled samples. This phenomenon
can be explained from a backpropagation perspective and provides a cue
for monitoring label noise during training. Based on this observation, we
formulate noise detection as boundary estimation in similarity space.
Specifically, we track the upper bound of high-confidence clean non-
target similarities to determine the filtering threshold, without requir-
ing prior knowledge of the noise rate or auxiliary networks. We further
introduce a progressive rule during early training, where the threshold
gradually increases from the estimated noise lower bound to the upper
bound. This process discards unreliable samples while retaining hard
but clean samples. Extensive experiments on eight synthetic and three
real-world noisy datasets demonstrate that our method achieves supe-
rior noise detection and state-of-the-art recognition accuracy, with only
about 0.3% average measured overhead. The filtered dataset produced
by our method is also beneficial for subsequent training. Source code is
available at https://github.com/wf195/DDLN,
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1 Introduction

Large-scale face recognition systems increasingly rely on data collected from the
open web [131/59,68]. While web-crawling drastically reduces annotation costs, it
inevitably introduces label noise. Such erroneous supervision corrupts training
dynamics, propagates uncertainty, and severely degrades model generalization.
Therefore, developing scalable and lightweight models robust to label noise is
crucial for real-world deployments.
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Fig. 1: Left: Distributions of clean cos 6y (clean interval), noisy cos 6, (noisy interval),
and clean cosf; jz, (negative interval) under a simulated setting where all noisy pairs
are discarded. The maximum difference between the main distribution ranges of clean
cos b, ;+, and noisy cosf, is only 0.005, indicating strong distributional consistency
during training. We further quantify this consistency using KL divergence and Wasser-
stein distance in Supplementary Material. Right: Training distributions obtained when
applying our method. Pairs with cos 6, below the threshold T,, (orange dashed line)
are treated as noisy and excluded from backpropagation. In early training stages, T},
gradually moves from the lower to the upper bound of the clean cos 6; -, distribution,
allowing sufficient learning of hard clean pairs while progressively discarding noise.

A dominant strategy to mitigate this issue is sample selection, largely moti-
vated by the memorization dynamics of deep networks : models tend to fit
clean, generalizable patterns early in training before memorizing noisy instances.
However, existing selection methods often introduce significant overhead or rely
on brittle assumptions. For instance, sub-center and co-mining ap-
proaches introduce substantial computational and memory footprints, making
them less suitable for large-scale systems. Other dynamic thresholding meth-
ods, such as the OTSU-based estimation in RVFace , heavily depend on
the assumption of a clear bimodal loss distribution. Unfortunately, this bimodal
structure is often absent during early training stages or collapses entirely under
severe noise rates, rendering the estimated boundaries unstable. This highlights a
critical open challenge: how to robustly and efficiently identify mislabeled samples
across diverse datasets without relying on prior noise-rate knowledge or heavy
auzxiliary modules.

To address this, we shift our focus to the intrinsic training dynamics of
softmax-based losses. We observe that sample—incorrect-label pairs behave sim-
ilarly to sample—non-target-class pairs, both reflecting a mismatch between the
sample and the label. From a backpropagation perspective, both similarities
operate in a weak-gradient regime, leading to close alignment between the non-
target similarity distribution of clean samples and the target-similarity distribu-
tion of mislabeled samples. This insight provides an interpretable, data-driven
cue: the observable distribution of high-confidence clean non-target similarities
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can serve as a stable boundary for noise detection without a noise-rate prior or
auxiliary estimation network.

Building on this property, we propose a lightweight, progressive sample se-
lection framework to Detect and Discard Label Noise (DDLN). As illustrated
in Fig. rather than applying a rigid threshold that might incorrectly dis-
card hard-but-informative clean samples, DDLN adopts a dynamic scheduling
strategy. During early training epochs, the discrimination threshold gradually
tightens from a conservative lower bound toward the estimated statistical up-
per bound. This mechanism allows the network to sufficiently learn hard but
clean samples in early training, while progressively filtering label noise as the
similarity distributions stabilize. Once excluded, these noisy pairs rarely cross
the estimated noise upper bound again. The main contributions of this work are
summarized as follows:

1. We theoretically and empirically reveal a consistent distributional alignment
between clean non-target similarities and unfitted noisy target similarities.
Leveraging this, we formulate a robust, data-driven noise boundary estima-
tion that operates without prior knowledge of the noise rate.

2. We propose DDLN, a progressive sample selection strategy that gradually
increases the filtering threshold from the lower bound to the upper bound
of the estimated noise distribution, progressively discarding noisy samples
while preserving hard but clean samples.

3. Extensive experiments on eight synthetic and three real-world noisy face
benchmarks show that DDLN improves both noise detection and recogni-
tion performance. The method adds about 0.2% measured overhead in our
ResNet50-CosFace setting and produces a cleaned training subset beneficial
for downstream training.

The remainder of this article is organized as follows. Section [2]reviews related
work. Section [3] introduces background concepts and analyzes the relationship
between noisy and negative pairs from a backpropagation perspective. Section []
details the proposed DDLN framework. Section [5] presents experimental evalua-
tions on various noisy benchmarks. Finally, Section [6] concludes the paper.

2 Related Work

2.1 Face Recognition

Deep neural networks have significantly advanced face recognition over the past
decade |12,/43|. These improvements are supported by large-scale datasets [3}/4]
9.|231[241 |56}, 68|, powerful backbone architectures [11}(15,[17], and discriminative
loss functions [8},27}28}40}42].

Modern systems predominantly adopt normalized softmax-based losses, which
enforce intra-class compactness and inter-class separability in the embedding
space |12lJ43]. Margin-based formulations such as SphereFace [26/27|, CosFace |40|
42|, and ArcFace [8] further enhance discrimination by introducing angular mar-
gins. Subsequent works extend these designs with adaptive margins conditioned
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on image quality [22}/58], pose [29/54], age |161/60], or global consistency [61}/67].
However, when trained on large web-collected datasets, these models remain
vulnerable to label noise.

2.2 Learning from Noisy Data

Learning under noisy supervision has been studied through robust architec-
tures [144/49|, loss functions |18l[65], and training strategies. For example, Light-
CNN [49] suppresses noisy activations using Max-Feature-Map operations, while
SFace [65] employs gradient rescaling on hypersphere manifolds. Other approaches
estimate clean probabilities for sample reweighting |18] or jointly address label
noise and long-tail distributions [66]. Although effective, these methods mainly
rely on soft weighting, which may accumulate errors during training [39].

Another line of work focuses on sample selection, which explicitly removes
suspected noisy samples. Co-mining [45] identifies reliable samples via cross-
network validation but requires multiple networks. Sub-Center ArcFace 7] mod-
els intra-class variations with multiple sub-centers and removes noisy samples
using fixed thresholds. Later works further explore geometric modeling in latent
space |25)30]. Other methods estimate noise boundaries dynamically using train-
ing statistics [18}|44164]. Noise-Tolerant Face Recognition [18] estimates sample
reliability from target-angle statistics and applies soft weights, while RVFace [44]
estimates a threshold from the target-class cosine distribution using an OTSU-
based bimodality assumption. Pleiss et al. [34] introduce auxiliary noise classes
for boundary estimation. These approaches, however, often depend on fixed or
heuristic thresholds, distributional assumptions, or additional model complexity.

In contrast, our approach estimates the noise boundary from the non-target
similarity distribution of clean samples, rather than relying on target-similarity
thresholds. This enables progressive noise filtering without a noise-rate prior, a
clean validation set, or auxiliary networks.

3 Background and Analysis

This section provides the background and analysis required to motivate our noise
detection strategy. We briefly review softmax-based face recognition (Sec.

and robust learning under noisy supervision (Sec. , then present a backpropagation-
based explanation of the observed distributional consistency (Sec. . Detailed
derivations are deferred to the supplementary material.

3.1 Softmax-based Face Recognition

Modern face recognition systems commonly adopt ¢o-normalized softmax losses |12,
35./38,/41]. With normalized features and class weights, the objective becomes a
cosine-similarity softmax on a hypersphere:

esf(ei,yi)

‘C(:Ezvyl) = —IOg - C )
esf(@z,yi) + Zj;ﬁy,; esf(0i,5)

(1)
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Fig. 2: Left: Non-target similarities cosf;; (j # v:) and their normalized gradient
magnitude F; ; during training. P; ; is near-zero over the main density region. Right:
Cosine-similarity distributions at epoch 5. Discarded noisy target similarities (red)
closely align with clean non-target similarities (blue).

where §; ; is the angle between x; and class prototype Wj, s is a scaling factor,
and f(6) = cosf. Margin-based variants (SphereFace/CosFace/ArcFace) intro-
duce angular or additive margins on the target logit and serve as our baseline

objectives [8][27}[42].

3.2 Robust Face Recognition

Large-scale web data inevitably contains label noise , which injects erro-
neous supervision into the target class and degrades recognition performance.
A common formulation assigns a confidence weight w; € [0,1] to each training
pair:

esf(ei,yi)
esf0iy;) 4 chséyl esf(0i;)"

Soft reweighting may accumulate errors when confidence estimation is inaccu-
rate. Binarizing w; € {0,1} yields sample selection, which excludes suspected
noisy pairs from backpropagation . Our method follows this paradigm
and focuses on a stable, data-driven criterion to determine the selection mask.

(2)

[-:TObuSt (in, yz) = —Ww; 10g

3.3 Backpropagation Analysis

We explain why the cosine-similarity distribution of discarded noisy targets
cos b, ,, closely matches that of clean non-target pairs cos; ; (j # v;). Although
arising from different pairs, both measure the similarity between a sample and
an incorrect identity, and both operate under weak gradient coupling.

For Eq. , the gradient w.r.t. a non-target similarity is

oL sesf(0i5)
. SPi j — ) j (2] 3
Deosty T T gLy, et 7Y ®)
oL s
_ P < . (7’ 7SA1’)€) , 4
‘6cost9i,(k) S5k = TR 5¢ )
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Fig. 3: Overview of Detecting and Discarding Label Noise (DDLN). (a) A detector
excludes suspected noisy pairs from loss/backpropagation via a dynamic threshold T;,—1
in the cos 8, domain. (b) The binary mask g; is determined by comparing cos 6; ,, with
T,—1. (c) For each mini-batch, a local threshold T}, is estimated from retained pairs’
non-target similarities and smoothed into T}, by EMA.

where P, ; is the softmax probability. As shown in Fig. |2| (left), for most
non-target classes this probability is close to zero, implying negligible gradients.
Formally, P; () admits simple rank- and gap-based upper bounds (see Supple-
mentary Material), indicating that meaningful gradients concentrate on a small
set of hardest negatives, while the majority of non-target similarities are effec-
tively saturated.

For discarded noisy pairs, once the incorrect target class is excluded from
backpropagation by our criterion, the gradient-driven attraction between z; and
the wrong prototype vanishes. Therefore, both (i) clean non-target similarities
and (ii) discarded noisy target similarities are governed by weak coupling, leading
to closely matched similarity statistics (Fig. [2] (right)). This provides the mo-
tivation for using the clean non-target similarity distribution to estimate noise
boundaries in our method.

4 Proposed Approach

Building on the distributional insights from Section[3 we propose a robust frame-
work to Detect and Discard Label Noise (DDLN). As illustrated in Fig. (3, DDLN
introduces a dynamic discrimination threshold T, in the cosine-similarity space
to progressively filter unreliable samples during backpropagation.

Overall Objective. DDLN augments standard margin-based softmax losses
with a binary mask ¢;. For a sample z; with the assigned label y;, the robust
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objective is formulated as:
esf(ei.yi)
7yz)+2 esf(0”

The binary mask ¢; determines whether the sample contrlbutes to the gradient
update, which is governed by the dynamic threshold T,,_; from the previous
step:

(5)

LppLx = —g;log o 10

1 0; 4y, > The
Qi:{’ COs 7,y; — In—1, (6)

0, cosl;y, <Thn_1.

Dynamic Threshold Estimation.

To operate without a noise-rate prior, we anchor the filtering threshold to
observable clean non-target similarities. Let Q,, = {i | ¢; = 1} be the retained
set in the current mini-batch. For each ¢ € Q,,, we sort its non-target similarities
{cos0; j}#y, in descending order, denoting the k-th largest value as cos0; ().
Thus, top-k is computed per sample along the non-target class dimension; the
mini-batch only averages these per-sample statistics. We establish the batch-wise
bounds as follows:

1
T s = o Z cosb; oy + o, Ty = |Qn Z imyr}cos 0. (7)
i€Qn

Here, T .. estimates the average upper tail of the clean non—target distribution.
We use the shared defaults k=10, a=0.02, and A=0.01 without dataset-specific
retuning. The moderate rank k=10 is less sensitive to extreme outliers than
the hardest negative, while the slack a reduces filtering of borderline hard-clean
samples.

Progressive Scheduling. Deep networks tend to fit clean samples faster than
noisy ones [1]. To properly leverage this progressive separability, DDLN does not
apply the strict T/ .. immediately. Instead, we implement a linear interpolation
between the bounds:

min(n, Nmax
T/ mln + /8” ( max Trlnm) ) ﬁn = ¥7 (8)

nmax
where n is the current training step. We set npyax to finish before the first
learning-rate decay. This linear schedule starts conservatively near 7., , retain-
ing hard-but-informative clean pairs, and progressively tightens to T} .. as the
similarity distributions stabilize.

Finally, to stabilize the decision boundary across mini-batches, we smooth the
local threshold 7}, into the global threshold T,, via Exponential Moving Average
(EMA) [20]:

T, = (]- - )‘)Tnfl + )\T’;L’ (9)
where A = 0.01. Once noisy pairs drop below this tightening boundary, they
lose direct gradient attraction toward their incorrect targets and are unlikely
to recover after exclusion, which stabilizes the purification process. Detailed
analyses of recovery behavior and hyperparameter sensitivity are provided in
the Supplementary Material.
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5 Experiments

We evaluate DDLN from three perspectives: (i) the accuracy of its label noise
detection, (ii) its impact on downstream face recognition under noisy supervision,
and (iii) its computational overhead.

Datasets and Metrics. For simulated noise experiments, we use the man-
ually cleaned CASTA-WebFace [56] as a clean source and inject mixed synthetic
noise (label flips and outliers) at rates from 10% to 80%. For real-world evalua-
tion, we use datasets with naturally occurring noise at varying severity: CASIA-
WebFace (low noise, ~10%), MS-Celeb-1M [13] (moderate noise, ~50%), and a
2-million subset of WebFace260M [68] named WebFace2M-Noise (extreme noise,
~80%). We evaluate downstream recognition performance across nine standard
benchmarks, including the Avg-5 metric (LFW [19], AgeDB30 [32|, CFP-FP
[36], CALFW [63], CPLFW [62]|), IJB-B/C (TARQFAR) [31,47], SLLFW |10,
BLUFR, and the low-quality TinyFace [6] dataset. To assess noise detection
quality on simulated data, we report Precision, Recall, F'1-score, False Positive
Rate (FPR), and False Negative Rate (FNR).

Implementation Details. We integrate DDLN into three representative
margin-based baselines: ArcFace [8], CosFace [42], and SphereFace [27]. We adopt
SEResNet50-IR for simulated experiments and standard ResNet-18/50/100 ar-
chitectures for large-scale real-world datasets. All models are trained from scratch
using standard SGD optimization. Comprehensive details regarding dataset syn-
thesis protocols, metric definitions, and exact hyperparameter configurations are
provided in Supplementary Material.

5.1 Simulated Noisy Datasets Comparison

We compare DDLN against three reference conditions: (1) None (training di-
rectly on noisy labels), (2) Clean (an oracle setting where all noisy pairs are
perfectly removed), and (3) RVFace [44] (a representative OTSU-based dynamic
thresholding method). All methods are retrained under identical backbone and
optimization settings.

Noise Detection Evaluation. As shown in Table[I} DDLN achieves consis-
tently high Fl-scores across different noise rates and corruption types. In seven
out of nine settings, the average Fl-score exceeds 99.1%. On the representative
#40-20-20 setting, DDLN reaches 99.42% F1, substantially reducing detection
errors compared to RVFace. We also evaluate robustness under identity-wise
noise imbalance (Table . When per-identity noise ratios vary between 0% and
80% while keeping the overall flip rate at 40%, DDLN maintains nearly identi-
cal detection quality (F1: 99.11 vs. 99.22) and comparable recognition accuracy,
indicating strong stability under uneven noise distributions.

To better understand this detection quality, Table [3] compares the False Pos-
itive Rate (FPR) and False Negative Rate (FNR) of clean samples against the
OTSU-based RVFace. Across the 10% to 60% noise range, DDLN reduces the
FNR by 70% to 84% relative to the baseline. At 60% noise, DDLN reduces the
FNR from 7.26% to 1.24%, below RVFace’s FNR at 20% noise (1.29%). Under
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Table 1: Validation and noise-detection results (%) on simulated noisy datasets using
SEResNet50-IR. Configurations follow total-outliers-flips (%). BLUFR reports
TAR at FAR=10"2, 1074, and 107°; Avg averages SLLFW and the three BLUFR
scores. Precision, Recall, and F1-score treat noisy samples as positive. Clean is an oracle
reference. Bold numbers indicate the better result between OTSU [44] and DDLN.

BLUFR (TARGFAR)

Setting ~ Methods SLLFW Avg  Prec. Rec. F1
107° 107* 107°
None 96.86 97.87 94.40 81.33 92.61 - - -
10-5-5  Clean 97.20 98.24 95.48 83.20 93.53 - - -
(CosFace) OTSU 96.92 98.14 95.21 85.37 93.91 90.51 96.41 93.36
DDLN 97.15 98.33 95.59 82.76 93.46 97.04 99.64 98.32
None 95.62 97.22 92.72 &81.82 91.84 - - —
20-10-10 Clean 96.80 98.12 95.20 86.85 94.24 - - -
(CosFace) OTSU 96.97 98.09 94.82 84.10 93.50 94.98 97.84 96.39
DDLN 97.32 98.23 95.53 84.85 93.98 98.85 99.34 99.10
None 92.62 92.75 82.81 65.49 83.42 - - -
40-20-20 Clean 96.43 97.83 94.05 81.02 92.33 - - -
(CosFace) OTSU 95.70  97.31 92.71 80.06 91.44 94.74 98.58 96.62
DDLN 96.45 98.02 95.01 84.04 93.38 99.14 99.70 99.42
None 83.10 68.27 49.98 33.68 58.76 - - -
60-30-30 Clean 95.33  97.04 92.49 82.37 91.81 - - -
(CosFace) OTSU 93.35 94.09 85.42 67.62 85.12 95.05 98.00 96.50
DDLN 95.15 96.88 92.14 80.29 91.12 99.17 99.14 99.16
None 70.40 27.24 1546 8.68 30.45 - - -
80-40-40 Clean 92.75 94.60 86.63 70.59 86.14 - - -
(CosFace) OTSU 83.92 69.72 51.47 35.15 60.06 92.65 98.30 95.39
DDLN 91.70 88.69 75.42 56.63 78.11 95.16 98.13 96.63
None 90.40 88.33 74.83 55.71 77.32 - - -
40-0-40 Clean 96.83 98.18 95.61 87.58 94.55 - - -
(CosFace) OTSU 96.15 97.21 92.88 80.72 91.74 94.30 96.93 95.59
DDLN 96.67 98.19 95.71 86.97 94.38 99.11 99.34 99.22
None 93.65 94.38 85.17 66.36 84.89 - - -
40-40-0 Clean 95.65 97.49 93.22 80.48 91.71 - - -
(CosFace) OTSU 95.48 96.79 91.35 78.76 90.59 94.79 98.34 96.53
DDLN 95.80 97.53 93.15 80.56 91.76 99.59 98.71 99.15
None 92.38 92.76 82.75 65.81 83.42 - - -
40-20-20 Clean 96.38 97.59 93.37 80.36 91.93 - - -
(ArcFace) OTSU 95.48 97.15 92.45 79.04 91.03 96.06 98.64 97.33
DDLN 96.50 98.10 95.16 85.40 93.79 99.20 99.47 99.34
None 92.27 91.82 80.58 62.77 81.89 - - -
40-20-20 Clean 96.60 97.76 94.14 82.25 92.69 - - -
(Sphere) OTSU 95.47 96.48 91.13 77.84 90.23 94.88 95.45 95.17
DDLN 96.43 97.61 93.75 82.96 92.69 99.35 98.95 99.15

the extreme 80% noise setting, DDLN still discards 19.96% of clean samples,
although this is lower than RVFace’s 31.19% (an absolute reduction of 11.23%).
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Table 2: Performance (%) under identity-wise noise imbalance with DDLN (Cos-
Face). ID-normal applies a uniform 40% flip rate across all identities (#40-0-40).
ID-imbalanced randomly samples per-identity flip rates from 0% to 80% while keeping
the overall dataset flip rate at 40%.

Datasets SLLFW BLUFR Avg Precision Recall Fl-score

10~ 107* 107°

ID-normal 96.67 98.19 95.71 86.97 94.38 99.11 99.34 99.22
ID-imbalanced 96.70 97.92 94.62 85.08 93.58 98.65 99.53 99.11

Table 3: False Positive Rates (FPR, %) and False Negative Rates (FNR, %) of clean
samples under the clean-as-positive convention across different noise rates. The total
noise is split evenly between outliers and label flips (1:1). Lower values indicate better
performance ({).

Noise rate (%) FPR FNR
OTSU 44 DDLN (Ours) OTSU [44) DDLN (Ours)
10 3.59 0.36 1.12 0.34
20 2.16 0.66 1.29 0.29
40 1.42 0.30 3.65 0.58
60 2.00 0.86 7.26 1.24
80 1.70 1.87 31.19 19.96

This residual error is partly associated with the extremely limited clean supervi-
sion, as fewer than 13 clean samples per identity remain on average. Additional
training dynamics (Precision/Recall/FPR/FNR curves) are provided in Supple-
mentary Material.

Face Recognition Evaluation. Table[I]reports the final recognition perfor-
mance using the Avg metric. Across 10% to 40% noise levels, DDLN consistently
narrows the gap between noisy training and the oracle Clean setting. Under #40-
20-20, DDLN outperforms RVFace by 1.94%, 2.76%, and 2.46% with CosFace,
ArcFace, and SphereFace, respectively. At 60% noise (#60-30-30), DDLN nearly
closes the gap to the Clean baseline. Under the extreme #80-40-40 setting, it
improves Avg from 30.45% (None) to 78.11%, exceeding RVFace by 18.05%.
This improvement is consistent with the lower clean-sample FNR, indicating
that DDLN better preserves hard but informative clean samples.

Finally, extended comparisons in Supplementary Material show that DDLN
achieves recognition accuracy comparable to heavy co-training [14,51] and sub-
center [7] paradigms under 80% extreme noise, but crucially operates within a
highly efficient single-network pipeline without requiring exact prior noise rates.
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Table 4: Performance (%) of noise-robust models and loss functions on CASIA-
WebFace 56|, evaluated with ResNet50 on IJB-C (TARQFAR=107%,107*, 107°) [31].
Left: advanced margin-based loss optimization methods. Right: representative noise-
robust training methods.

5

Methods 1072 107* 107° Methods 107 107* 10°°

CosFace [42] 92.60 85.77 67.97 NR [66] 90.65 82.76  70.20
ElasticFace [2] 92.75 85.81 64.23 Co-mining [45] 90.88 82.44  71.17
AdaFace [22]  91.89 80.30 43.29 Sub-center |7|  92.47 87.03 79.16
UniFace [67] - 88.96 78.40 DTDD |[64] 92.87 87.69 80.39
GFace [61] - 89.57 80.79 DDLN 94.07 89.22 82.29

Table 5: Performance (%) of various noise-robust models on Webface2M-noise [68],
evaluated with ResNet-50. R1, R5, R10 denote Rank-1, Rank-5, Rank-10 respectively.

Methods LFW CALFW CPLFW AgeDB CFP TinyFace Avg
Rl R5 RI0
CosFace [42] 98.58  90.50  82.37  85.97 86.07 50.40 58.37 63.89 77.02
-Sub [7] 97.95 89.63  80.50 84.96 82.89 50.99 57.51 62.42 75.86
_SubRe [7] 99.05 9252  85.07  90.43 89.21 54.29 60.46 65.56 79.57
RV [44] 99.46 93.83  88.32  93.90 93.49 61.72 66.87 70.57 83.52
-DDLN 99.43 94.46  89.25 94.47 94.33 63.52 68.13 71.83 84.43
ArcFace [8] 98.52  90.65  82.60 86.13 86.61 50.86 57.64 63.17 77.02
-Sub |7] 98.50 90.88  81.30  86.80 83.57 49.17 55.98 60.60 75.85
_SubRe [7] 99.20  93.27  85.08 91.18 89.11 53.43 59.98 64.97 79.53
RV [44] 99.32  93.98  88.88  93.13 93.34 61.86 67.19 70.57 83.53
“RobustFace [53] 98.42 90.72  82.32 85.67 85.11 53.14 60.06 64.94 77.55
-DDLN 99.53 94.57 90.18 95.10 95.10 63.25 68.05 71.86 84.70
SphereFace [26] 98.03 89.58  81.33  84.07 84.96 51.50 58.88 63.49 76.49
-Sub [7] 97.88  88.80  79.73  83.70 8234 49.41 5652 61.96 75.04
_SubRe [7] 98.88  91.95 8413  90.12 88.57 53.67 60.27 64.81 79.05
RV [44] 99.07 9278  87.48  91.72 92.60 60.72 66.58 70.31 82.66
-DDLN 99.52 94.08 88.68 93.67 94.50 63.06 68.67 72.32 84.31

5.2 Real Noisy Datasets Comparison

We evaluate DDLN on CASIA-WebFace [56], MS-Celeb-1M [13|, and WebFace2M-
Noise |68] to verify whether our purification logic generalizes to real-world, web-
scale noise distributions.

CASIA-WebFace Table[d]reports the IJB-C verification performance (TAR
at FAR). Although CASIA-WebFace [56] inherently contains a relatively low
noise rate, integrating DDLN into the CosFace baseline still yields significant
TAR improvements of 1.47%, 3.45%, and 14.32% at FARs of 1072, 10~%, and
1075, respectively. Notably, equipping CosFace with our DDLN achieves highly
competitive performance against the state-of-the-art GFace (e.g., 82.29% vs.
80.79% at FAR=10"" at 89.22% vs. 89.57% at FAR=10"%). This indicates that
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Table 6: Performance (%) of various noise-robust models on MS-Celeb-1M [13], evalu-
ated with ResNet-50 and ResNet-100 backbones (R1: Rank-1; 10~*: TARQFAR=10"%)

Method LFW CALFW CPLFW AgeDB CFP Avg 1JB-B B-C
R1I 100* R1 107*
ArcFace (8] 99.77  95.92 90.93  97.35 96.91 96.18 92.44 89.55 93.56 92.25
CosFace [42] 99.75 96.22  91.97  97.35 97.31 96.52 91.81 88.52 92.98 91.54
NT (18] - - - - - - - 91.57 - 93.65
NR [66] - - - - - - - 91.58 - 93.60
Co-Mining [45] - 93.28 85.70  95.80 93.32 - - 91.80 - 93.82
Sub-Arec (7] 99.72  95.68 90.25  97.28 96.59 95.90 - 91.70 - 93.72
RVFace [44] 99.80  96.17 93.15  97.63 9831 97.01 93.28 91.69 94.57 93.89
BoundaryFace [48] 99.72  95.59 91.39  96.96 97.41 96.21 - 84.80 -  88.13
RobustFace |53 99.76  95.87 93.33  97.55 9841 96.98 - 91.30 - 94.02

Arc+DDLN (Ours) 99.82  96.15 93.25 98.43 98.73 97.28 95.29 94.98 96.63 96.44
Cos+DDLN (Ours) 99.78  96.05 93.38 98.32 98.66 97.24 95.19 94.87 96.48 96.33

Sub-Arc (R100) [7] 99.80  96.13 92.68 98.12  98.40 97.03 95.26 93.43 96.34 95.25
DTDD (R100) |64] 99.82 96.18 92.90 - - - - - 95.39  95.47
Arc+DDLN (R100) 99.82 95.97 93.93 98.45 99.03 97.44 95.57 95.68 96.98 96.96
Cos+DDLN (R100) 99.82  96.03 93.95 98.62 98.94 97.47 9544 9547 96.83 96.87

even modest amounts of real-world noise severely bottleneck low-FAR perfor-
mance if left unhandled.

WebFace2M-Noise Table [5| evaluates the highly corrupted WebFace2M-
Noise dataset. As a 2-million-image subset sampled from the roughly 80%-noise
WebFace260M [68], it presents a notoriously difficult denoising challenge due to
its restricted data scale combined with an extreme noise ratio. Under this severe
setting, DDLN delivers massive improvements across all three baseline architec-
tures. Averaged across eight benchmarks, DDLN boosts CosFace, ArcFace, and
SphereFace baselines by 7.41%, 7.68%, and 7.82% (reaching 84.43%, 84.70%,
and 84.31%, respectively). On the challenging low-resolution TinyFace bench-
mark, our method outperforms RVFace by 1.77% in Rank-1 accuracy. When
compared to the multi-stage SubRe baseline (which requires retraining on a
cleaned subset), our in-training purification establishes a striking 5.10% lead.
Finally, DDLN outperforms the recent RobustFace by a 7.15% margin on the 8-
benchmark average, confirming its robust applicability under extreme real-world
label corruption.

MS-Celeb-1M Table [6] reports results on MS-Celeb-1M [13], a widely-
used benchmark for evaluating raw, uncurated web noise. We assess the 5-
dataset average (Avg-5 on LFW, CALFW, CPLFW, AgeDB, CFP) alongside the
surveillance-oriented IJB-B/C metrics (Rank-1 and TARQFAR=10"%). DDLN
pushes the Avg-5 performance to near-saturation, achieving 97.28% with ResNet-
50 and 97.47% with ResNet-100 (a 0.3% absolute gain over RobustFace). More
importantly, on the demanding IJB-B and I1JB-C benchmarks that closely mimic
real-world open-set recognition, DDLN outperforms RobustFace [53] by signifi-
cant margins of 3.68% and 2.55% at FAR—=10"%. These results strongly support
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Table 7: MegaFace |21] evaluation (%) with MS-Celeb-1M [13] and ResNet50.

Metric RV [44] Boundary [48] RobustFace [53] DDLN-Arc DDLN-Cos
Rank-1 96.33 96.67 97.75 98.59 98.60
TARQFAR=10"°% 96.42 96.67 97.81 98.81 98.71

Table 8: Hyperparameter ablation results (%) of DDLN on simulated dataset #40—
20-20 with ResNet50 |15] and CosFace |42]. Row 1 is a fixed-threshold baseline that
directly uses Tpay (k = 10) as a constant filtering threshold (no progressive scheduling).
Nmax denotes the epoch when T), reaches its maximum, set as Nmax = €decay — g tO
leave a gap of g epochs before the first learning-rate decay (edecay=11); we ablate
g € {1,2,3}, yielding nmax € {10,9,8}.

max 1), Nmax « A Precision Recall F1l-score
Thax(k = 10) - - - 67.72 99.86 80.70
0.2 99.82 93.87 96.75
0.45 96.19 99.96 98.04
Thax(k=1) 9 0 0.01 97.97 99.91 98.93
Thax(k = 10) 99.38 98.90 99.14
Thax(k = 50) 99.65 97.50 98.56
10 99.15 99.62 99.39
Thax(k = 10) 9 0.02 0.01 99.14 99.70 99.42
8 99.05 99.72 99.38
0.1 98.94 99.64 99.29

Thax (k= 10) 9 0.02 0.05 98.94 99.67 99.30
0.005 99.11 99.54 99.32

Table 9: Stability of default hyperparameters. Results are reported as Avg (%) using
the same evaluation metrics as the corresponding main experiments.

Setting Default k=1 k=50 A=0.05 a=0
CASTA-WebFace 94.78 94.49  94.88 94.70 94.65
#80-40-40 78.11 71.97 70.68 76.04 75.26

DDLN’s core motivation: it successfully discards harmful web noise while retain-
ing the hard but informative samples crucial for strict face verification.

We further evaluate DDLN on MegaFace [21], a large-scale face-recognition
benchmark. As shown in Table [7, DDLN achieves the best results among the
compared robust face-recognition methods with ResNet-50. DDLN-Cos obtains
98.60% Rank-1 accuracy, and DDLN-Arc reaches 98.81% TARQFAR=10"9, ex-
ceeding RobustFace by 0.85% and 1.00%, respectively. This confirms the effec-
tiveness of DDLN under large-scale identification and strict verification settings.
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The Supplementary Material provides additional large-scale results on MS-
Celeb-1M, using MobileFaceNet [5] as the backbone and comparing DDLN with
representative noise-robust image classification methods |14}33}46}/50L/52./55./57].

5.3 Ablation Study

We analyze the main components that affect the sample-selection behavior of
DDLN, including the threshold schedule, the rank statistic k, the slack term «,
the schedule length n.x, and the EMA factor A. All ablations in Table [§] are
conducted on the simulated #40-20-20 dataset with ResNet50 [15] and Cos-
Face [42].

The fixed-threshold baseline obtains very high recall but much lower preci-
sion. This shows that a fixed upper threshold can remove most noisy samples,
but it also incorrectly filters many hard clean samples. In contrast, the progres-
sive threshold schedule provides a better precision-recall trade-off by gradually
tightening the filtering boundary during early training.

The choice of k controls how the upper tail of the non-target similarity distri-
bution is estimated. A small value, such as k=1, is more sensitive to rare outliers,
while a large value, such as k=50, over-smooths the upper tail and lowers re-
call. The setting k=10 gives the best F1-score among the tested choices. Adding
a small slack term (a=0.02) further improves the result by reducing unstable
decisions near the boundary. The method is also not sensitive to the schedule
length, with similar performance for ny.x € 8,9,10. The EMA factor A remains
stable over a broad range, and all tested values produce close F1-scores.

We further examine whether the default hyperparameters generalize beyond
the #40-20-20 setting. As shown in Table[d] the default setting k=10, a=0.02,
A=0.01 remains stable on both real-noise CASIA-WebFace and the more chal-
lenging #80-40-40 synthetic setting. Although a few variants obtain comparable
performance on CASIA-WebFace, they degrade more clearly under heavy syn-
thetic noise. These results support using the same default hyperparameters in
all non-ablation experiments.

5.4 Extended Analysis in Supplementary Material

Due to space constraints, several detailed analyses are provided in the Sup-
plementary Material. These include: (i) an accumulated error analysis showing
that DDLN mitigates early confirmation bias without requiring an offline clean-
ing phase; (ii) a dataset quality evaluation comparing the automatically filtered
subset with the CAST-cleaned subset [68], without multi-round retraining; (iii) a
complezity analysis reporting the measured overhead of DDLN (about 0.2%, i.e.,
1.07 ms per batch); (iv) qualitative failure case visualizations illustrating typical
error modes under extreme long-tail variations and annotation noise; and (v)
a comparison with representative noisy-label methods from image classification
using MobileFaceNet [5] on MS-Celeb-1M [13].
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6 Conclusion

We presented DDLN, a noise-robust face recognition framework based on pro-
gressive sample selection. Our key finding is that discarded noisy target similari-
ties (cos6; ,, ) closely align with clean non-target similarities (cos 6, ;, j # v;) dur-
ing training. Leveraging this distributional consistency, DDLN estimates noise
boundaries directly from the observable clean non-target distribution and applies
a progressively tightened threshold to filter unreliable pairs while preserving hard
but clean samples in early training. DDLN is lightweight, requires no noise-rate
prior or auxiliary networks, and can be integrated into standard margin-based
face recognition pipelines with low measured overhead.

Potential Social Impact. We acknowledge the potential risks associated
with the misuse of face recognition data. Experimental results on MS-Celeb-1M
(withdrawn in 2019) and IJB datasets (withdrawn in 2023) are reported solely
for reproducibility and fair comparison with prior work. For example, several
recent face recognition studies also report results on these benchmarks, such as
ExtendedT (TPAMI 2023) [50], GFace (TIP 2025) |61], and RobustFace (TIP
2025) [53]. These datasets are no longer recommended for future research, and we
do not advocate their continued use beyond controlled reproduction and compar-
ison. To support more responsible evaluation, we additionally report results on
WebFace2M, a recent subset derived from the publicly released WebFace260M
dataset.
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