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, kg = 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 Ir 1E-2 1E-2 for projection, 1E-3 for head SE-4
Lr decay 0.1 0.1 -
Decay epoch  1500epochs 1000epochs -
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Figure 1: Learning curves of FeatNet for each group on (a) COFW and (b) 300W.
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Figure 2: L2 distances between feature embeddings and landmarks at varying spatial distances from
the landmarks in the inset for FeatNet (a) with 0¢.2¢,.,. and (b) with o.

FeatNet. Fig. [T] 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



accordingly. Fig. Qrepresents the results of using 0g.2¢ ... and the full observation o as the input to
FeatNet. The results indicate that the difference is negligible.
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Figure 3: Learning curves of CoordNet and RelCoordNet. PWConLoss on (a) COFW and (b)
300W, MSELoss for regression head on (¢) COFW and (d) 300W, coordinate regression error on (e)
COFW and (f) 300W.

0.4 Bl
s
2 0.31 0.3
©
0
5 027 0.21
oN
—10.11 011
0 10 20 30 0 10 20 30
Distance(pixels) Distance(pixels)
30 C
25 - —— using oOc:3c, :, : using o
— 201
| 157
= 101 2.24+1.37
51 N 2.30+£1.39

0 250 500 750 1000 1250 1500 1750 2000
Epoch

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. (¢) Coordinate regression
error for CoordNet with oc:3¢,:,: 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



RelCoordNet shows slightly lower accuracy due to the more complex task, it still maintains high
accuracy with an error of 3.49 pixels. Fig. H represents the results of using o¢.3¢,:,. and the full
observation o as the input to CoordNet. The results indicate that the difference is negligible.
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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.
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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.

A.2 ADDITIONAL ABLATION STUDY
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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.

A scheduling | 64 scheduling | NME Ta FLOPs
Baseline v v 8.28 | 1042 | 21.1M
Case 1 X v 8.92 | 11.40 | 23.1M
Case 2 v X 8.77 | 28.00 | 56.7M
Case 3 X X 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[d]



Table 4: Detection performance on COFW under various degradations.

Degradation mode NME Ta FLOPs
Baseline 8.28 | 1042 | 21.1M
Blur (c = 1) 8.64 | 14.51 | 29.4M
Blur (o = 2) 8.72 | 14.87 | 30.1M
Blur (o = 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
O d.min Initial threshold

Aby4 Increase of threshold

Taup Threshold increase starting time
Aft.max Initial balance parameter

Ag Decrease of balance parameter

Tygown | Balance parameter decrease starting time

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

1 2 3 Z 5 6 7 3
Oamin (X107 2) 972 371 6/2 10/4 6/2 6/2 472 873
Abg(x1073) 472 3/2 3/1 3/1 3/1 371 471 371
Toup 771 1/2 1/2 9/1 1/2 1/2 1/3 473
Aftmax 0.89/0.90 0.99/099 0.79/0.81 078/082 0.79/0.81 0.79/081 0.73/090 0.91/0.97
Ay 0.18/0.08 0.16/009 0.18/0.10 0.19/007 0.18/0.10 0.18/0.10  0.18/0.08  0.15/0.09
Tadown 6/6 9/7 5/5 9/9 5/5 5/5 9/10 718
9 10 11 P 3 4 15 16
Oamin (X107 2) 6/2 9/3 6/2 572 10/3 6/2 872 972
Abg(x1073) 3/1 471 3/1 5/1 472 371 471 471
Toup 1/2 1/3 1/2 3/3 2/1 1/2 5/4 473
At max 0.79/0.81 0.94/098 079/0.81 078/084 083/0.84 079/081 093/099 0.89/0.98
Ay 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
Tadown 5/5 9/5 5/5 717 8/7 5/5 9/5 8/5
7 13 9 20 21 22 23 24
Oamin (X107 2) 6/2 5/2 873 974 773 1073 972 873
Abg(x1073) 3/1 5/1 472 472 2/1 371 472 371
Thup 1/2 3/3 6/1 8/1 1/1 5/1 2/2 3/2
Aftmax 079/0.81 0.78/0.84 0.74/0.76 0.73/074 0.77/091 096/0.99 0.76/0.99  0.94/0.96
Ay 0.18/0.10  0.16/0.07 0.16/0.07 0.11/006 0.16/0.09 0.14/0.10 0.18/0.06 0.13/0.10
Tadown 5/5 717 8/7 6/8 8/7 717 716 5/9
25 26 27 28 29
Oamin (X107 2) 873 1073 6/2 1073 973
Abyg(x1073) 472 3/1 472 3/1 472
Thup 472 5/1 3/2 5/1 3/4
Attma 0.77/093 0.96/099 090/0.96 096/099 0.87/091
Ay 0.15/0.08 0.14/0.10 0.14/0.07 0.14/0.10  0.14/0.07
Tadown 6/7 717 9/5 717 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 [§| (COFW) and
Table[7] (300W).



Table 7: Landmark-wise, stage-wise hyperparameter configuration on 300W.

1 2 3 4 5 6 7 3
Bamin (X107 7) 5/2 8/8 5/2 9/5 6/1 4/2 371 10/2
AGg(x1073) 5/2 5/5 5/2 5/2 4/2 4/2 5/1 4/2
Taup 4/6 1/1 1/1 1/4 5/3 5/2 3/1 5/1
Aft.max 0.78/099 0.80/0.80 0.85/097 079/091 095/096 095/095 097/0.99 0.88/0.97
AXg 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
Ty.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
Oamin (X107 ) 5/2 4/4 5/2 3/1 3/1 10/4 10/4 10/5
Afg(x1073) 3/1 3/3 4/2 5/1 4/2 2/1 4/2 5/2
Taup 3/2 4/4 4/2 1/1 1/2 5/1 9/1 1/3
Aft.max 0.83/098 0.86/0.86 094/099 095/098 090/091 094/095 0.78/0.88 0.73/0.80
ANy 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
Ty down 6/9 7117 8/7 517 716 715 8/8 10/6
17 18 19 20 21 22 23 24
Oamin (X107 7) 3/1 9/9 6/1 9/3 3/1 5/1 10/1 10/1
Afg(x1073) 5/2 3/3 5/2 4/2 4/2 4/2 2/1 2/1
Taup 571 8/8 1/5 2/2 3/7 1/5 5/5 5/5
Aft.max 0.91/092 099/0.99 1.00/1.00 093/1.00 0.99/099 0.88/1.00 090/1.00 0.90/1.00
ANy 0.14/0.07 020/020 0.12/007 0.11/0.06 0.14/0.08 0.13/0.06 0.20/0.05 0.20/0.05
Ty down 5/9 7117 6/5 10/7 716 5/6 10/10 10/10
25 26 27 28 29 30 31 32
Oamin(X1073) 9/4 5/5 9/3 10/1 10/1 9/2 10/1 10/1
Afg(x1073) 4/1 5/5 3/1 2/1 2/1 4/2 2/1 2/1
Taup 5/8 4/4 6/3 5/5 5/5 1/2 5/5 5/5
Aft.max 0.86/097 095/0.95 097/098 090/1.00 0.90/1.00 0.98/099 090/1.00 0.90/1.00
ANy 0.11/0.08 0.12/0.12 0.16/0.09 020/0.05 020/005 0.14/009 020/0.05 0.20/0.05
Ty 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
Oamin(X1073) 10/1 10/10 10/1 10/1 3/1 9/2 9/2 9/2
Afg(x1073) 2/1 2/2 2/1 2/1 2/1 3/1 3/1 3/1
Taup 5/5 5/5 5/5 5/5 5/2 8/1 8/1 8/1
Aft.max 0.90/1.00 090/0.90 090/1.00 090/1.00 0.85/099 099/1.00 099/1.00 0.90/0.99
ANy 0.20/0.05 020/020 020/0.05 020/0.05 020/007 020/0.08 020/0.08 0.20/0.08
Ty down 10/ 10 10/ 10 10/10 10/10 10/6 716 716 716
41 Y} 43 44 45 46 47 43
Oamin(X1073) 6/3 3/3 10/1 5/2 712 10/4 713 10/1
Afg(x1073) 4/2 2/2 2/1 3/1 4/1 2/1 5/1 2/1
Taup 1/10 6/6 5/5 1/3 2/2 2/5 4/3 5/5
Aft.max 0.91/1.00 1.00/1.00 090/1.00 099/099 092/095 091/096 0.96/0.99  0.90/1.00
ANy 0.15/0.05 0.19/0.19 020/0.05 0.16/0.06 0.12/0.08 0.13/0.06 0.19/0.08 0.20/0.05
Ty down 10/6 7117 10/ 10 6/8 8/7 6/6 6/6 10/ 10
49 50 51 52 53 54 55 56
Oamin(X1073) 1/1 474 7/3 10/1 10/3 9/4 713 713
Afg(x1073) 4/2 4/4 3/1 2/1 3/1 4/1 2/1 4/2
Taup 1/3 1/1 10/2 5/5 10/2 8/6 1/1 4/2
Aftmax 0.95/098 091/091 098/099 090/1.00 099/1.00 0.99/1.00 0.99/0.99  093/0.95
AN 0.14/0.06 0.15/0.15 0.11/0.08 020/0.05 0.15/005 0.18/0.09 0.19/0.08 0.12/0.09
Ty down 717 9/9 6/6 10/10 8/10 6/9 6/10 7/8
57 58 59 60 61 62 63 64
Oamin(X1073) 472 9/9 9/4 5/2 8/4 712 2/1 371
Afg(x1073) 471 5/5 4/1 3/1 4/2 3/2 3/1 4/2
Taup 1/3 2/2 1/3 5/3 712 3/3 1/2 6/2
Aft.max 0.93/1.00 098/098 096/098 098/0.99 099/099 1.00/1.00 096/1.00 0.99/1.00
AXg 0.11/0.10 0.13/0.13 0.17/0.06 0.15/0.09 0.15/009 0.16/0.06 0.12/0.05 0.12/0.07
Tadown 9/7 9/9 9/7 10/9 7/5 5/8 8/9 10/6
65 66 67 63
Oamin(X1073) 9/4 10/10 10/1 7/2
Aby(x1073) 3/2 3/3 2/1 4/1
Taup 9/2 717 5/5 10/1
Aft.max 0.97/098 1.00/1.00 0.90/1.00 0.98/1.00
AXg 0.13/0.07 0.17/0.17  0.20/0.05 0.14/0.08
Tadown 9/10 9/9 10/10 5/10




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 1042 9.37 8.24 8.34 8.70 8.40 9.10 8.45 8.26 7.34 6.53 6.49
T4 6.98 7.15 10.96 8.30 11.21 10.99 1042 8.90 1126 846 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
Ty 7.89 9.33 9.95 8.54 1143 1243 1045 10.50 8.91 944 1040 1193
25 26 27 28 29 mean
NME 8.67 8.62 9.47 1045  12.02 8.28
Ty 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 1451 1338 13.03 1197 10.73 9.74 1028 11.00  12.07
Ta 23.80 18.83 19.67 17.83 1950 1692 1456 1192 1367 1509 1454 16.09
13 14 15 16 17 18 19 20 21 22 23 24
NME 1356 13.07 1283 12.13 14.06 10.62  9.49 10.33 9.87 10.70  9.44 9.49
Ty 18.78  26.02 2422 1737 21.61 8.57 10.11 6.50 1394  10.13  11.92  13.07

25 26 27 28 29 30 31 32 33 34 35 36
NME 997 9.49 10.67  8.25 9.53 13.00 1599 1152 10.85 1092 1096 11.00
Ta 10.88 1147  9.63 1460 12.26  6.81 1423 2055 1995 1924 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
Ty 1348 853 9.19 10.61 7.35 9.39 11.79  7.19 8.88 1097  7.51 10.56
49 50 51 52 53 54 55 56 57 58 59 60
NME 825 7.14 7.54 7.41 7.72 6.81 8.61 7.28 7.41 6.55 7.09 7.29
Ta 9.70 8.64 8.98 1470  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
Ty 7.28 8.08 9.13 11.54 745 8.92 13.94 1031 12.77

The landmark-wise detection performance is detailed in Table[§] (COFW) and Table 0] (300W).
A.5 RESULTS oN WFLW

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

Method NME-ocular # Params (M) FLOPs Duration T}
LAB (Wu et al.[[2018) 5.27 25.1 18.9G -
AWing (Wang et al.,[2019) 4.36 242 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 475G -
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)) 4.02 134 - -
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[I0] presents the comparison
of our method with SoTA approaches.



A.6 PSEUDOCODE

Algorithm 1 Operation of proposed agent.

Input: ¢, Image, &, tmax Oamin € R?, Ay € R?, Ty € R?, Apmax € R, ANy € R?, Ty gown € R?
Output: ﬁ:c

1: 204, 2(cq ¢ Prior knowledge modeling(c)

2: &, + NULL

3: for stage = 0to 1do

4: 04 < Oy min[stage]
5:  Af4 + ABqy[stage]
6:  Tyup < Tyuplstage]
70 A ¢ Afmax[Stage]
8: Acd < 1 — Mg
9: Al + A)g[stage]
10: Td,down — Td,down[Stage]
11: A+« D[]Vt € [0, tmax]}
12:  fort = 01to tyax do
13: 0 + Observation by agent(Image, x)
14: Zft, Zed, & — Data extraction(o )
15: Dy, Deg, D < DistComp(z(.y, 2 ( ),/\( ), where (-) € {fted}
16: &. < Delayed decision(.f&, Dsi, Deg, 04, M, &)
17: if £. # NULL then
18: €T T,
19: Terminate.
20: end if
21: ift > Tj,p then
22: 04 < 04 + Aby
23: end if
24: if t > Tydgown and t — Ty 4own = even then
25: At ¢ A — A)\f[
26: end if
27: s - u* < Hopping policy(D, (), 2, ), A¢)), where  (-) € {ft,cd}
28: r+—x+s-u*
29:  end for
30: end for

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