
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

A APPENDIX

A.1 NETWORKS

Table 1: Network architectures.

FeatNet
2C9(6C9)-9C16-16C32-32C64-FC256-FC128-L2Norm for the COFW (300W) dataset
CoordNet
2C9(6C9)-9C16-16C32-32C64-FC128-L2Norm-FC2-Tanh for the COFW (300W) dataset
RelCoordNet
4C9-9C16-16C32-32C64-FC128-L2Norm-FC2-2Tanh for the COFW dataset
dirPolNet
FC512-FC256-FC8-Softnax
All convolution layers have the same kernel height and width, kH = kW = 3, s = 2, p = 1.

Table 2: Hyperparameters used.

FeatNet (Rel)CoordNet dirPolNet
Optimizer Adam Adam Adam
# Epochs 2000 2000 1000
Batch size 256 64 128
Initial lr 1E-2 1E-2 for projection, 1E-3 for head 5E-4
Lr decay 0.1 0.1 -
Decay epoch 1500epochs 1000epochs -

Figure 1: Learning curves of FeatNet for each group on (a) COFW and (b) 300W.

Figure 2: L2 distances between feature embeddings and landmarks at varying spatial distances from
the landmarks in the inset for FeatNet (a) with o0:2C,:,: and (b) with o.

FeatNet. Fig. 1 represents the learning curves of FeatNet. Due to variations in inter-landmark
spatial distances across different groups and differing probabilities that a randomly sampled obser-
vation becomes a positive pair for a specific landmark, the absolute values of the PWConLoss vary
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accordingly. Fig. 2 represents the results of using o0:2C,:,: and the full observation o as the input to
FeatNet. The results indicate that the difference is negligible.

Figure 3: Learning curves of CoordNet and RelCoordNet. PWConLoss on (a) COFW and (b)
300W, MSELoss for regression head on (c) COFW and (d) 300W, coordinate regression error on (e)
COFW and (f) 300W.

Figure 4: L2 distances between coordinate embeddings and landmarks at varying spatial distances
from the landmarks in the inset for CoordNet with (a) oC:3C,:,: and (b) o. (c) Coordinate regression
error for CoordNet with oC:3C,:,: and o.

CoordNet/RelCoordNet. Fig. 3 represents the learning curves of CoordNet and RelCoordNet. Our
CoordNet achieves highly accurate coordinate regression with errors of only 2.24 pixels. Although
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RelCoordNet shows slightly lower accuracy due to the more complex task, it still maintains high
accuracy with an error of 3.49 pixels. Fig. 4 represents the results of using oC:3C,:,: and the full
observation o as the input to CoordNet. The results indicate that the difference is negligible.

Figure 5: Learning curves of dirPolNet for each group on (a) COFW and (b) 300W.

dirPolNet. Fig. 5 represents the learning curves of dirPolNet. The cross-entropy loss is used.
Similar to FeatNet, separate dirPolNet with distinct parameters is used for each group in the dataset.

A.2 ADDITIONAL ABLATION STUDY

Figure 6: Trajectories of agents that fail to detect the target landmark of COFW. The blue circle
represents the starting point, the yellow circles represent the intermediate trajectory, the red circle
represents the final detection point, and the green circle represent the ground-truth landmark, re-
spectively.

Failure case analysis. The hopping policy does not always guarantee convergence. When an agent
fails to detection within a predefined number of steps, it invokes the delayed decision mechanism
to select the most plausible point as the final landmark. Fig. 6 illustrates the trajectories of agents
across stages and timesteps in failure cases. Although occlusion prevents the agent from reaching
the true landmark, it ultimately chooses the optimal location based on its prior knowledge using the
delayed-decision algorithm with SHT.

Table 3: Detection performance on COFW under ablation of the hyperparameter scheduling.

λft scheduling θd scheduling NME Td FLOPs
Baseline ✓ ✓ 8.28 10.42 21.1M
Case 1 ✗ ✓ 8.92 11.40 23.1M
Case 2 ✓ ✗ 8.77 28.00 56.7M
Case 3 ✗ ✗ 8.76 34.04 68.9M

Hyperarameter scheduling. Our method employs hyperparameter scheduling for accurate detec-
tion. The ablation results of hyperparameter scheduling on COFW are provided in Table 3.

Robustness to sample degradations. To validate robustness of proposed method, we evaluate the
detection performance under various degradation conditions. The results are summarized in Table 4.
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Table 4: Detection performance on COFW under various degradations.

Degradation mode NME Td FLOPs
Baseline 8.28 10.42 21.1M
Blur (σ = 1) 8.64 14.51 29.4M
Blur (σ = 2) 8.72 14.87 30.1M
Blur (σ = 3) 8.90 15.72 31.8M
JPEG (Q = 80) 8.59 14.47 29.3M
JPEG (Q = 60) 8.65 14.42 29.3M
JPEG (Q = 40) 8.59 14.43 29.3M
JPEG (Q = 20) 8.64 14.46 29.3M
Motion blur (k = 5) 8.71 14.62 29.6M
Motion blur (k = 10) 8.86 15.29 31.0M
Occlusion (size=(20, 40)) 8.74 14.78 29.9M

A.3 DETECTION HYPERPARAMETERS

Table 5: Detection hyperparameters.

Symbol Definition
θd,min Initial threshold
∆θd Increase of threshold
Td,up Threshold increase starting time
λft,max Initial balance parameter
∆λft Decrease of balance parameter
Td,down Balance parameter decrease starting time

Table 6: Landmark-wise, stage-wise hyperparameter configuration on COFW.

1 2 3 4 5 6 7 8
θd,min(×10−3) 9 / 2 3 / 1 6 / 2 10 / 4 6 / 2 6 / 2 4 / 2 8 / 3
∆θd(×10−3) 4 / 2 3 / 2 3 / 1 3 / 1 3 / 1 3 / 1 4 / 1 3 / 1

Td,up 7 / 1 1 / 2 1 / 2 9 / 1 1 / 2 1 / 2 1 / 3 4 / 3
λft,max 0.89 / 0.90 0.99 / 0.99 0.79 / 0.81 0.78 / 0.82 0.79 / 0.81 0.79 / 0.81 0.73 / 0.90 0.91 / 0.97
∆λft 0.18 / 0.08 0.16 / 0.09 0.18 / 0.10 0.19 / 0.07 0.18 / 0.10 0.18 / 0.10 0.18 / 0.08 0.15 / 0.09
Td,down 6 / 6 9 / 7 5 / 5 9 / 9 5 / 5 5 / 5 9 / 10 7 / 8

9 10 11 12 13 14 15 16
θd,min(×10−3) 6 / 2 9 / 3 6 / 2 5 / 2 10 / 3 6 / 2 8 / 2 9 / 2
∆θd(×10−3) 3 / 1 4 / 1 3 / 1 5 / 1 4 / 2 3 / 1 4 / 1 4 / 1

Td,up 1 / 2 1 / 3 1 / 2 3 / 3 2 / 1 1 / 2 5 / 4 4 / 3
λft,max 0.79 / 0.81 0.94 / 0.98 0.79 / 0.81 0.78 / 0.84 0.83 / 0.84 0.79 / 0.81 0.93 / 0.99 0.89 / 0.98
∆λft 0.18 / 0.10 0.19 / 0.09 0.18 / 0.10 0.16 / 0.07 0.14 / 0.08 0.18 / 0.10 0.12 / 0.08 0.19 / 0.09
Td,down 5 / 5 9 / 5 5 / 5 7 / 7 8 / 7 5 / 5 9 / 5 8 / 5

17 18 19 20 21 22 23 24
θd,min(×10−3) 6 / 2 5 / 2 8 / 3 9 / 4 7 / 3 10 / 3 9 / 2 8 / 3
∆θd(×10−3) 3 / 1 5 / 1 4 / 2 4 / 2 2 / 1 3 / 1 4 / 2 3 / 1

Td,up 1 / 2 3 / 3 6 / 1 8 / 1 1 / 1 5 / 1 2 / 2 3 / 2
λft,max 0.79 / 0.81 0.78 / 0.84 0.74 / 0.76 0.73 / 0.74 0.77 / 0.91 0.96 / 0.99 0.76 / 0.99 0.94 / 0.96
∆λft 0.18 / 0.10 0.16 / 0.07 0.16 / 0.07 0.11 / 0.06 0.16 / 0.09 0.14 / 0.10 0.18 / 0.06 0.13 / 0.10
Td,down 5 / 5 7 / 7 8 / 7 6 / 8 8 / 7 7 / 7 7 / 6 5 / 9

25 26 27 28 29
θd,min(×10−3) 8 / 3 10 / 3 6 / 2 10 / 3 9 / 3
∆θd(×10−3) 4 / 2 3 / 1 4 / 2 3 / 1 4 / 2

Td,up 4 / 2 5 / 1 3 / 2 5 / 1 3 / 4
λft,max 0.77 / 0.93 0.96 / 0.99 0.90 / 0.96 0.96 / 0.99 0.87 / 0.91
∆λft 0.15 / 0.08 0.14 / 0.10 0.14 / 0.07 0.14 / 0.10 0.14 / 0.07
Td,down 6 / 7 7 / 7 9 / 5 7 / 7 6 / 6

The detection hyperparameters are described in Table 5. We use two-stage detection technique.
The landmark-wise, stage-wise hyperparameter configuration are detailed in Table 6 (COFW) and
Table 7 (300W).
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Table 7: Landmark-wise, stage-wise hyperparameter configuration on 300W.

1 2 3 4 5 6 7 8
θd,min(×10−3) 5 / 2 8 / 8 5 / 2 9 / 5 6 / 1 4 / 2 3 / 1 10 / 2
∆θd(×10−3) 5 / 2 5 / 5 5 / 2 5 / 2 4 / 2 4 / 2 5 / 1 4 / 2

Td,up 4 / 6 1 / 1 1 / 1 1 / 4 5 / 3 5 / 2 3 / 1 5 / 1
λft,max 0.78 / 0.99 0.80 / 0.80 0.85 / 0.97 0.79 / 0.91 0.95 / 0.96 0.95 / 0.95 0.97 / 0.99 0.88 / 0.97
∆λft 0.11 / 0.10 0.11 / 0.11 0.10 / 0.07 0.10 / 0.10 0.18 / 0.10 0.11 / 0.07 0.15 / 0.07 0.14 / 0.06
Td,down 5 / 9 8 / 8 10 / 7 10 / 9 6 / 5 10 / 8 10 / 8 6 / 10

9 10 11 12 13 14 15 16
θd,min(×10−3) 5 / 2 4 / 4 5 / 2 3 / 1 3 / 1 10 / 4 10 / 4 10 / 5
∆θd(×10−3) 3 / 1 3 / 3 4 / 2 5 / 1 4 / 2 2 / 1 4 / 2 5 / 2

Td,up 3 / 2 4 / 4 4 / 2 1 / 1 1 / 2 5 / 1 9 / 1 1 / 3
λft,max 0.83 / 0.98 0.86 / 0.86 0.94 / 0.99 0.95 / 0.98 0.90 / 0.91 0.94 / 0.95 0.78 / 0.88 0.73 / 0.80
∆λft 0.12 / 0.06 0.18 / 0.18 0.17 / 0.07 0.15 / 0.10 0.16 / 0.08 0.14 / 0.07 0.13 / 0.07 0.18 / 0.09
Td,down 6 / 9 7 / 7 8 / 7 5 / 7 7 / 6 7 / 5 8 / 8 10 / 6

17 18 19 20 21 22 23 24
θd,min(×10−3) 3 / 1 9 / 9 6 / 1 9 / 3 3 / 1 5 / 1 10 / 1 10 / 1
∆θd(×10−3) 5 / 2 3 / 3 5 / 2 4 / 2 4 / 2 4 / 2 2 / 1 2 / 1

Td,up 5 / 1 8 / 8 1 / 5 2 / 2 3 / 7 1 / 5 5 / 5 5 / 5
λft,max 0.91 / 0.92 0.99 / 0.99 1.00 / 1.00 0.93 / 1.00 0.99 / 0.99 0.88 / 1.00 0.90 / 1.00 0.90 / 1.00
∆λft 0.14 / 0.07 0.20 / 0.20 0.12 / 0.07 0.11 / 0.06 0.14 / 0.08 0.13 / 0.06 0.20 / 0.05 0.20 / 0.05
Td,down 5 / 9 7 / 7 6 / 5 10 / 7 7 / 6 5 / 6 10 / 10 10 / 10

25 26 27 28 29 30 31 32
θd,min(×10−3) 9 / 4 5 / 5 9 / 3 10 / 1 10 / 1 9 / 2 10 / 1 10 / 1
∆θd(×10−3) 4 / 1 5 / 5 3 / 1 2 / 1 2 / 1 4 / 2 2 / 1 2 / 1

Td,up 5 / 8 4 / 4 6 / 3 5 / 5 5 / 5 1 / 2 5 / 5 5 / 5
λft,max 0.86 / 0.97 0.95 / 0.95 0.97 / 0.98 0.90 / 1.00 0.90 / 1.00 0.98 / 0.99 0.90 / 1.00 0.90 / 1.00
∆λft 0.11 / 0.08 0.12 / 0.12 0.16 / 0.09 0.20 / 0.05 0.20 / 0.05 0.14 / 0.09 0.20 / 0.05 0.20 / 0.05
Td,down 9 / 7 6 / 6 10 / 9 10 / 10 10 / 10 5 / 8 10 / 10 10 / 10

33 34 35 36 37 38 39 40
θd,min(×10−3) 10 / 1 10 / 10 10 / 1 10 / 1 3 / 1 9 / 2 9 / 2 9 / 2
∆θd(×10−3) 2 / 1 2 / 2 2 / 1 2 / 1 2 / 1 3 / 1 3 / 1 3 / 1

Td,up 5 / 5 5 / 5 5 / 5 5 / 5 5 / 2 8 / 1 8 / 1 8 / 1
λft,max 0.90 / 1.00 0.90 / 0.90 0.90 / 1.00 0.90 / 1.00 0.85 / 0.99 0.99 / 1.00 0.99 / 1.00 0.90 / 0.99
∆λft 0.20 / 0.05 0.20 / 0.20 0.20 / 0.05 0.20 / 0.05 0.20 / 0.07 0.20 / 0.08 0.20 / 0.08 0.20 / 0.08
Td,down 10 / 10 10 / 10 10 / 10 10 / 10 10 / 6 7 / 6 7 / 6 7 / 6

41 42 43 44 45 46 47 48
θd,min(×10−3) 6 / 3 3 / 3 10 / 1 5 / 2 7 / 2 10 / 4 7 / 3 10 / 1
∆θd(×10−3) 4 / 2 2 / 2 2 / 1 3 / 1 4 / 1 2 / 1 5 / 1 2 / 1

Td,up 1 / 10 6 / 6 5 / 5 1 / 3 2 / 2 2 / 5 4 / 3 5 / 5
λft,max 0.91 / 1.00 1.00 / 1.00 0.90 / 1.00 0.99 / 0.99 0.92 / 0.95 0.91 / 0.96 0.96 / 0.99 0.90 / 1.00
∆λft 0.15 / 0.05 0.19 / 0.19 0.20 / 0.05 0.16 / 0.06 0.12 / 0.08 0.13 / 0.06 0.19 / 0.08 0.20 / 0.05
Td,down 10 / 6 7 / 7 10 / 10 6 / 8 8 / 7 6 / 6 6 / 6 10 / 10

49 50 51 52 53 54 55 56
θd,min(×10−3) 1 / 1 4 / 4 7 / 3 10 / 1 10 / 3 9 / 4 7 / 3 7 / 3
∆θd(×10−3) 4 / 2 4 / 4 3 / 1 2 / 1 3 / 1 4 / 1 2 / 1 4 / 2

Td,up 1 / 3 1 / 1 10 / 2 5 / 5 10 / 2 8 / 6 1 / 1 4 / 2
λft,max 0.95 / 0.98 0.91 / 0.91 0.98 / 0.99 0.90 / 1.00 0.99 / 1.00 0.99 / 1.00 0.99 / 0.99 0.93 / 0.95
∆λft 0.14 / 0.06 0.15 / 0.15 0.11 / 0.08 0.20 / 0.05 0.15 / 0.05 0.18 / 0.09 0.19 / 0.08 0.12 / 0.09
Td,down 7 / 7 9 / 9 6 / 6 10 / 10 8 / 10 6 / 9 6 / 10 7 / 8

57 58 59 60 61 62 63 64
θd,min(×10−3) 4 / 2 9 / 9 9 / 4 5 / 2 8 / 4 7 / 2 2 / 1 3 / 1
∆θd(×10−3) 4 / 1 5 / 5 4 / 1 3 / 1 4 / 2 3 / 2 3 / 1 4 / 2

Td,up 1 / 3 2 / 2 1 / 3 5 / 3 7 / 2 3 / 3 1 / 2 6 / 2
λft,max 0.93 / 1.00 0.98 / 0.98 0.96 / 0.98 0.98 / 0.99 0.99 / 0.99 1.00 / 1.00 0.96 / 1.00 0.99 / 1.00
∆λft 0.11 / 0.10 0.13 / 0.13 0.17 / 0.06 0.15 / 0.09 0.15 / 0.09 0.16 / 0.06 0.12 / 0.05 0.12 / 0.07
Td,down 9 / 7 9 / 9 9 / 7 10 / 9 7 / 5 5 / 8 8 / 9 10 / 6

65 66 67 68
θd,min(×10−3) 9 / 4 10 / 10 10 / 1 7 / 2
∆θd(×10−3) 3 / 2 3 / 3 2 / 1 4 / 1

Td,up 9 / 2 7 / 7 5 / 5 10 / 1
λft,max 0.97 / 0.98 1.00 / 1.00 0.90 / 1.00 0.98 / 1.00
∆λft 0.13 / 0.07 0.17 / 0.17 0.20 / 0.05 0.14 / 0.08
Td,down 9 / 10 9 / 9 10 / 10 5 / 10
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A.4 LANDMARK-WISE PERFORMANCE

Table 8: Landmark-wise detection performance on COFW.

1 2 3 4 5 6 7 8 9 10 11 12
NME 10.42 9.37 8.24 8.34 8.70 8.40 9.10 8.45 8.26 7.34 6.53 6.49
Td 6.98 7.15 10.96 8.30 11.21 10.99 10.42 8.90 11.26 8.46 11.85 11.74

13 14 15 16 17 18 19 20 21 22 23 24
NME 7.70 6.81 6.18 6.06 7.29 6.07 8.04 7.09 8.42 7.80 10.26 9.66
Td 7.89 9.33 9.95 8.54 11.43 12.43 10.45 10.50 8.91 9.44 10.40 11.93

25 26 27 28 29 mean
NME 8.67 8.62 9.47 10.45 12.02 8.28
Td 10.11 11.63 12.04 10.15 18.36 10.42

Table 9: Landmark-wise detection performance on 300W.

1 2 3 4 5 6 7 8 9 10 11 12
NME 13.68 12.68 13.01 14.51 13.38 13.03 11.97 10.73 9.74 10.28 11.00 12.07
Td 23.80 18.83 19.67 17.83 19.50 16.92 14.56 11.92 13.67 15.09 14.54 16.09

13 14 15 16 17 18 19 20 21 22 23 24
NME 13.56 13.07 12.83 12.13 14.06 10.62 9.49 10.33 9.87 10.70 9.44 9.49
Td 18.78 26.02 24.22 17.37 21.61 8.57 10.11 6.50 13.94 10.13 11.92 13.07

25 26 27 28 29 30 31 32 33 34 35 36
NME 9.97 9.49 10.67 8.25 9.53 13.00 15.99 11.52 10.85 10.92 10.96 11.00
Td 10.88 11.47 9.63 14.60 12.26 6.81 14.23 20.55 19.95 19.24 19.66 21.35

37 38 39 40 41 42 43 44 45 46 47 48
NME 6.43 6.11 6.31 8.02 6.69 6.61 7.08 5.85 6.13 6.11 5.93 6.10
Td 13.48 8.53 9.19 10.61 7.35 9.39 11.79 7.19 8.88 10.97 7.51 10.56

49 50 51 52 53 54 55 56 57 58 59 60
NME 8.25 7.14 7.54 7.41 7.72 6.81 8.61 7.28 7.41 6.55 7.09 7.29
Td 9.70 8.64 8.98 14.70 7.92 8.48 7.51 9.77 9.22 6.97 7.14 12.01

61 62 63 64 65 66 67 68 mean
NME 7.62 6.71 6.45 7.00 7.67 7.26 6.80 7.26 9.36
Td 7.28 8.08 9.13 11.54 7.45 8.92 13.94 10.31 12.77

The landmark-wise detection performance is detailed in Table 8 (COFW) and Table 9 (300W).

A.5 RESULTS ON WFLW

Table 10: Comparison of our method with SoTA approaches on WFLF.

Method NME-ocular # Params (M) FLOPs Duration Td
LAB (Wu et al., 2018) 5.27 25.1 18.9G -
AWing (Wang et al., 2019) 4.36 24.2 26.8G -
AVS (Qian et al., 2019) 4.39 28.3 2.40G -
DAG (Li et al., 2020) 4.21 21.0 - -
HRNet (Wang et al., 2020) 4.60 9.66 4.75G -
PIP (Jin et al., 2021) 4.57 12.0 2.40G -
ADNet (Huang et al., 2021) 4.14 13.4 17.0G -
HIH (Lan et al., 2021) 4.18 22.7 17.2G -
SDFL (Lin et al., 2021) 4.35 - 5.17G -
HIH (Lan et al., 2021) 4.08 22.7 17.2G -
SLPT (Xia et al., 2022) 4.20 13.2 6.12G -
STARLoss (Zhou et al., 2023) 4.02 13.4 - -
D-ViT (Dang et al., 2025) 3.75 67.3 21.8G -
PoPos (Xiang et al., 2025) 3.95 9.70 1.20G -
Ours 13.60 0.577 44.8M 19.67

We evaluated the performance of our method on WFLW dataset. Table 10 presents the comparison
of our method with SoTA approaches.
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A.6 PSEUDOCODE

Algorithm 1 Operation of proposed agent.
Input: c, Image, x, tmax θd,min ∈ R2, ∆θd ∈ R2, Td,up ∈ R2, λft,max ∈ R2, ∆λft ∈ R2, Td,down ∈ R2

Output: x̂c

1: z∗c,ft, z
∗
c,cd ← Prior knowledge modeling(c)

2: x̂c ← NULL
3: for stage = 0 to 1 do
4: θd ← θd,min[stage]
5: ∆θd ← ∆θd[stage]
6: Td,up ← Td,up[stage]
7: λft ← λft,max[stage]
8: λcd ← 1− λft
9: ∆λft ← ∆λft[stage]

10: Td,down ← Td,down[stage]
11: Λ̂← {λft[t]|∀t ∈ [0, tmax]}
12: for t = 0 to tmax do
13: o← Observation by agent(Image,x)
14: zft, zcd, x̂← Data extraction(o)
15: Dft, Dcd, D ← DistComp(z(·), z∗c,(·), λ(·)), where (·) ∈ {ft,cd}
16: x̂c ← Delayed decision(Λ̂, Dft, Dcd, θd, λft, x̂)
17: if x̂c ̸= NULL then
18: x← x̂c

19: Terminate.
20: end if
21: if t ≥ Td,up then
22: θd ← θd +∆θd
23: end if
24: if t ≥ Td,down and t− Td,down = even then
25: λft ← λft −∆λft
26: end if
27: s · u∗ ← Hopping policy(D, z(·), z

∗
c,(·), λ(·)), where (·) ∈ {ft,cd}

28: x← x+ s · u∗

29: end for
30: end for

Algorithm 1 summarizes the overall procedure of the two-stage detection process for landmark c.
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