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A.1 Contructing Multi-scale Feature Maps for SLPT

As discussed in Section 4.3, we construct multi-level feature maps for ResNet34, as shown in Fig.1. Supposing the feature
map size of k-th stage in ResNet34 is W, x Hj x dj, we firstly adopt a 1 x 1 CNN layer to reduce the channels from dj, to
C'1/4. Then, the SLPT crops N patches whose size is Pyyi. X Py, from each level and resizes these patches to K x K. Note
that Py, X Ppy is Wy /4 x Hy/4 in the initial coarse-to-fine stage and is reduced by half in each following stage. Finally,
the resized patches from different levels are concatenated on the channel dimension which is C;. As the result, the SLPT can
utilize both high level and low level features for face alignment.
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Figure 1. Constructing multi-level feature maps for SLPT

A.2 Details of comparison on WFLW

The comparison results on WFLW test set and its subsets are tabulated in Table 2. SLPT yields the best performance in
NME and works at SOTA level on all subsets.
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Metric Method Testset Pose Expression| Illumination| Make-up | Occlusion| Blur
LAB [10] 5.27 10.24 5.51 523 5.15 6.79 6.32
SAN [2] 522 10.39 5.71 5.19 5.49 6.83 5.80
Coord™* [9] 4.76 8.48 4.98 4.65 4.84 5.83 5.49
DETR' [1] 4.71 7.91 4.99 4.60 4.52 5.73 5.33
Heatmap* [9] 4.60 7.94 4.85 4.55 4.29 5.44 542
AVS + SAN [8] 4.39 8.42 4.68 4.24 4.37 5.60 4.86
LUVLi [4] 4.37 7.56 4.77 4.30 4.33 5.29 4.94
NME(%)+ AWing [11] 4.36 7.38 4.58 4.32 4.27 5.19 4.96
SDFL* [7] 4.35 7.42 4.63 4.29 4.22 5.19 5.08
SDL* [6] 4.21 7.36 4.49 4.12 4.05 4.98 4.82
HIH [5] 4.18 7.20 4.19 4.45 3.97 5.00 4.81
ADNet [3] 4.14 6.96 4.38 4.09 4.05 5.06 4.79
SLPT* 4.20 7.18 4.52 4.07 4.17 5.01 4.85
SLPTT 4.14 6.96 4.45 4.05 4.00 5.06 4.79
LAB 7.56 28.83 6.37 6.73 7.77 13.72 10.74
SAN 6.32 27.91 7.01 4.87 6.31 11.28 6.60
Coord* 5.04 23.31 4.14 3.87 5.83 9.78 7.37
DETR' 5.00 21.16 5.73 4.44 4.85 9.78 6.08
Heatmap* 4.64 23.01 3.50 4.72 243 8.29 6.34
AVS + SAN 4.08 18.10 4.46 2.72 4.37 7.74 4.40
FRo.1(%)] LUVLI 3.12 15.95 3.18 2.15 3.40 6.39 3.23
: AWing 2.84 13.50 223 2.58 291 5.98 3.75
SDFL* 2.72 12.88 1.59 2.58 243 5.71 3.62
SDL* 3.04 15.95 2.86 2.72 1.45 5.29 4.01
HIH 2.96 15.03 1.59 2.58 1.46 6.11 3.49
ADNet 2.72 12.72 2.15 2.44 1.94 5.79 3.54
SLPT? 3.04 15.95 2.86 1.86 3.40 6.25 4.01
SLPT' 2.76 12.27 223 1.86 3.40 5.98 3.88
LAB 0.532 0.235 0.495 0.543 0.539 0.449 0.463
SAN 0.536 0.236 0.462 0.555 0.522 0.456 0.493
Coord* 0.549 0.262 0.524 0.559 0.555 0.472 0.491
DETRf 0.552 0.285 0.520 0.558 0.563 0.471 0.497
Heatmap* 0.524 0.251 0.510 0.533 0.545 0.459 0.452
AVS + SAN 0.591 0.311 0.549 0.609 0.581 0.516 0.551
AUC, 1 LUVLi 0.557 0.310 0.549 0.584 0.588 0.505 0.525
' AWing 0.572 0.312 0.515 0.578 0.572 0.502 0.512
SDFL* 0.576 0.315 0.550 0.585 0.583 0.504 0.515
SDL* 0.589 0.315 0.566 0.595 0.604 0.524 0.533
HIH 0.597 0.342 0.590 0.606 0.604 0.527 0.549
ADNet 0.602 0.344 0.523 0.580 0.601 0.530 0.548
SLPT? 0.588 0.327 0.563 0.596 0.595 0.514 0.528
SLPT? 0.595 0.348 0.574 0.601 0.605 0.515 0.535

Table 1. Performance comparison of the SLPT and the state-of-the-art methods on WFLW and its subsets. The normalization factor is
inter-ocular and the threshold for FR is set to 0.1. Key: [Best, Second Best, “=HRNetW 18C, J‘=HRNetW18C-lite, i=ResNet34]

A.3 Convergence curves of SLPT and DETR

The convergence curves of SLPT and DETR is shown in Fig.2. The DETR achieves 4.71% NME at 391 epochs on WFLW
test set. The SLPT achieves better performance with around 8 x less training epochs. With the increasing of training epochs,
the performance of SLPT is improved further, achieving 4.14% NME at 140 epochs.
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Figure 2. Convergence curves of SLPT and DETR on WFLW test set. The learning rate of SLPT is reduced at 120 and 140 epochs; the
learning rate of DETR is reduced at 320 and 360 epochs.

A.4 Evaluation on the input patch size

Each local patch is resized to K x K and then projected into a vector by a CNN layer with K x K kernel size. In this
section, we explore the influence of the patch size on WFLW test set, as tabulated in Table 2. Compared to 7 X 7 patches, the
5 x b patches lose more information because of the lower resolution, which leads to degradation of the performance. When
the patch size is extended from 7 x 7 to 9 x 9, the parameters of the CNN layer is doubled, which leads to the overfitting on
the training set. Therefore, we can also observe a slight degradation with 9 x 9 patch size, from 4.14% to 4.16% in NME.

Patch size | NME(%) | FRy 1(%)| AUCo 1
5 x5 417% | 2.76% | 0.593
TxT 4.14% | 2.76% | 0.595
9x9 416% | 2.84% | 0.594

Table 2. NME({), FRo.1({) and AUCy.1 (1) with different patch sizes K x K on WFLW test set. Key: [Best]

A.5 Evaluation on the number of inherent relation layers

Table 3 demonstrates the influence of inherent relation layer number. The performance of SLPT relies on the inherent
relation layer heavily. When the number of inherent relation layers increases from 2 to 12, We can observe a significant
improvement, from 4.19% to 4.12% in NME. Nevertheless, too many inherent relation layers also increase the parameters
and computational complexity dramatically. Considering the real-time capability, we choose the model with 6 inherent
relation layers as the optimal model.

Layer number | NME(%) | FRg.1(%)| AUCj 1
2 4.19% 2.88% 0.592
4 4.17% 2.84% 0.593
6 4.14% 2.76% 0.595
12 4.12% 2.72% 0.596

Table 3. NME({), FRo.1({) and AUCy.1 (1) with different patch sizes K x K on WFLW test set. Key: [Best]



A.6 Further example predicted results and inherent relation maps

We visualize the predicted results and adaptive inherent relation maps for the samples of COFW, 300W and WFLW, as
shown in Fig.3, Fig.4 and Fig.5 respectively. In the inherent relation maps, we connect each point to the point with highest
cross-attention weight. The SLPT tends to utilize the visible landmarks to localize the landmarks with heavy occlusion for
robust face alignment. For other landmark, it relies more on its neighboring landmark.

Figure 3. Further example predicted results and attention maps on COFW (random selection)



Figure 5. Further example predicted results and attention maps on WFLW (random selection)
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