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1. Introduction & Background
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• Face detection suffers from extreme scale variation: ∼55% of WIDER FACE [10] instances are smaller
than 20px, far worse than objects in MS-COCO [4] (∼18%).

• Modern face detectors followabackbone–neck–headdesign, typically using a residual backbone and
a Feature Pyramid Network (FPN) [3] neck to build a multi-scale feature representation.

• Standard FPNs upsample feature maps via interpolation and fuse them with shallow features
through element-wise summation. This estimates pixel values without regard to semantic content,
introducing aliasing artifacts especially harmful for small faces.

Backbone Feature Pyramid Network Head

•We replace interpolation with learnable transposed convolutions and introducewindow-based self-
cross attention for scale fusion.

• SelfXT-FPN is a lightweight, parameter-shared FPN with consistent gains over prior FPN variants.

2. Approach
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• Approach 1: T-FPN replaces featuremap interpolationwith a learnable transposed convolutionConvT

for upsampling and a strided convolution ConvS for downsampling, fused with learnable weights.

• Approach 2: SelfX-FPN fuses adjacent pyramid levels via windowedmulti-head attentionWMHSXA,
each region adaptively aggregates fine- and coarse-scale context of featuremapswith differentwin-
dow scales s/2s/4s— no feature map scaling needed.
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• Joint Approach: SelfXT-FPN first aligns resolutions via transposed/strided convolutions, then fused
withWMHSXA using a fixed s across levels, unifying bothmechanisms into one lightweightmodule.

3. Results
• Comparing approaches over baselines and related work on ResNet-50 (Table 1):

– Removing the FPN entirely causes a substantial performance drop, especially on Hard.

– T-FPN alone improves AP across all subsets, +1.3% on Hard.

– SelfX-FPN reaches +1.9% AP on Hard

– SelfXT-FPN pushes this to nearly +2% AP.

– Both SelfX-FPN and SelfXT-FPN outperform all competing FPNswhile using half the parameters of
the strongest competitor.

Method Params Easy Medium Hard

w/o FPN 4.6M 95.14 93.17 82.62

LFPN [8] (baseline) 8.7M 95.18 94.54 87.33

BiFPN [7] 1.8M 94.95 94.36 88.65
FPN [3] 4.6M 95.28 94.36 87.18
FEM [2] 6.9M 95.20 94.18 88.03
SepFPN [1] 7.3M 95.34 94.37 87.29
AFPN [9] 11.9M 95.48 94.66 89.03
PAFPN [5] 14.1M 95.51 94.60 88.68

T-FPN 3⃝ (ours) 5.2M 95.39 94.65 88.68
SelfX-FPN 15⃝ (ours) 4.8M 95.73 94.95 89.22
SelfXT -FPN 20⃝ (ours) 6M 95.80 95.08 89.30

Table 1: Comparison to Other FPNs

Model Neck HCAM Easy Medium Hard Paramsms

MogFace [6] LFPN [8] ✓ 95.53 94.78 90.84 41M 51
SelfXTFace SelfXT (s=1) ✓ 95.65 95.05 91.20 38M 65
SelfXTFace SelfXT (s=2) ✓ 95.61 95.02 91.40 38M 60
SelfXTFace SelfXT (s=4) ✓ 95.59 94.92 91.34 38M 61
SelfXTFace SelfXT (s=2) 7 95.65 95.01 91.15 38M 60

Table 2: Comparison to strongest SOTA Face Detector

• Comparing SelfXT-Face overMogFace [6] (Table 2) and other SOTA detectors (Precision-Recall curves):

– Integrating SelfXT-FPN into a strong state-of-the-art detector improves performance of all subsets,
with up to 0.6% AP gain on Hard.

– This gain comes at a negligible efficiency cost—only 18 GMACs and 9ms additional runtime.

–Under multi-scale testing, SelfXT-Face achieves highly competitive Hard-subset performance on
both validation and test sets.

• The ablation study (Table 3) shows that self- and cross-scale attention, weight sharing, and bidirec-
tional lower-level fusion consistently improveperformance. Relative positional encoding (RPE)bene-
fits SelfX-FPN but not SelfXT -FPN, where ConvT and ConvS already align spatial features across scales.
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Precision-Recall curves: Validation-Hard
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Precision-Recall curves: Test-Hard

Index Method Up self-X s Shared Bi-dir RPE Easy Medium Hard

1⃝ Baseline Interpol. 95.18 94.54 87.33

2⃝
T-FPN

ConvT 95.38 94.76 88.68
3⃝ ConvT ✓ 95.39 94.65 88.68
4⃝ ConvT ✓ 95.55 94.67 88.81

5⃝

SelfX-FPN

— 2 95.65 94.68 88.25
6⃝ — ✓ 2 95.57 94.72 88.79
7⃝ — ✓ 2 ✓ 95.87 94.92 88.85
8⃝ — ✓ 2 ✓ 95.52 94.68 88.84
9⃝ — ✓ 2 ✓ ✓ 95.62 94.82 88.81
10⃝ — ✓ 2 ✓ ✓ ✓ 95.68 94.92 89.00

11⃝ — ✓ 1 95.72 94.82 89.07
12⃝ — ✓ 1 ✓ 95.51 94.75 88.90
13⃝ — ✓ 1 ✓ 95.36 94.53 89.08
14⃝ — ✓ 1 ✓ ✓ 95.60 94.80 88.86
15⃝ — ✓ 1 ✓ ✓ ✓ 95.73 94.95 89.22

16⃝

SelfXT -FPN

ConvT ✓ 4 ✓ ✓ 95.73 94.91 88.68
17⃝ ConvT ✓ 4 ✓ ✓ ✓ 95.67 94.89 88.53

18⃝ ConvT ✓ 2 ✓ ✓ 95.66 94.77 89.21
19⃝ ConvT ✓ 2 ✓ ✓ ✓ 95.50 94.78 89.24

20⃝ ConvT ✓ 1 ✓ ✓ 95.80 95.08 89.30
21⃝ ConvT ✓ 1 ✓ ✓ ✓ 95.59 94.85 89.24
22⃝ ConvT ✓ 1 ✓ 95.96 95.14 89.03

Table 3: Ablation Study

4. Conclusions
•We close the gap between attention-based fusion used in object detectors and upsampling-
based FPNs for face detection by employing windowed attention over self-, upper-, and lower-
level features aligned via transposed/strided convolutions.

• Our approach outperforms standard and advanced FPNs, especially for small-scale faces.

• Sharing parameters across pyramid levels dramatically reduces parameter count without hurt-
ing detection quality.

• Our FPN is complementary to other detection improvements, such as better loss functions or
head designs.
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