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S.1 Overview

We document here some addition implementation details and results. The de-
tailed structures of keypoint radial voting network Mv and Convolutional RKHS
Adapter MA are described in Sec. S.2 and shown in Figs. S.2 and S.1. Sec. S.3
describes the visualized radial pattern (shown in Fig. S.3) of the dragon object
in TUDL, which inspired us to use a CNN (Mv) to simulate the voting pro-
cess. The ARV SD, ARMSSD, ARMSPD, and AR results of all datasets we used
for all ablation studies are summarized in Sec. S.4 and listed in Fig. S.4 and
Tables S.1, S.2, S.3, and S.4. The detailed ADD(S) results for each category
of object on LM and LMO are listed in Tables S.6 and S.5, and ADD-S AUC
results on YCB are shown in Table S.7.

S.2 Network Diagrams

The structure of Adapter network MA is shown in Fig. S.1. Each conv block
comprises 3×3 convolution, batch normalization, and ReLu layers. Inputs of
MA, i.e. x8s, x4s, x2s, upx2s, upx4s, and upx8s are feature maps extracted from
each step of Mr. x8s stands for the 8th step of the encoding ResNet block, and
upx8s is the 8th step of the decoding block, etc. Outputs of each column of conv
blocks are concatenated and mapped into RKHS by a linear layer.

The keypoint radial voting network Mv structure is shown in Fig. S.2. The
input of Mv is the inversed radial map V̂ −1

r , defined in the main paper. Mv

comprises 5 convolution layers with a kernel size of 3 and stride of 1. A linear
layer maps the feature map into the shape of n×4 comprising n×2 projected 2D
keypoints K, n classification labels C, and n confidence scores S.

Estimated keypoints are organized into clusters based on geometric con-
straints when multiple instances of the same object appear within an image.
More precisely, the estimated keypoints are grouped into instance sets by sort-
ing the mean absolute differences of the Euclidean distances between keypoints
defined on the CAD model, and those being estimated.
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Fig. S.1: Convolutional RKHS Adapter MA detailed structure.

Fig. S.2: Keypoint radial voting network Mv detailed structure. Each conv block com-
prises a 3×3 convolution, batch normalization, and ReLu layer. The final linear layer
reshapes the feature map into the output K,C, S.
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S.3 Radii Pattern for Keypoint Voting

As shown in Fig. S.3, the estimated radial map V̂r is an inverse heat map of the
candidate keypoints’ locations , distributed in a radial pattern centered at the
keypoints. The further away from the pixel to the keypoint, V̂r has a greater
value. Pixels with value −1 do not lie on an object. This inspired us to use a
CNN (Mv) to detect the peak, thereby localizing the keypoint.

(a) RGB image (b) center keypoint V̂ −1
r

(c) left keypoint V̂ −1
r (d) right keypoint V̂ −1

r

Fig. S.3: TUDL [S.3] dataset dragon object (a) RGB image and (b)-(d) inverse radial
maps V̂ −1

r . The segmentation mask is applied to filter out the background, shown in
red. Keypoints (pink stars) are located at the (b) center, (c) left, and (d) right.

S.4 Ablation Studies

The ARV SD, ARMSSD, ARMSPD, and AR results for all datasets used for all
ablation studies are provided here.

Table S.1 shows the dataset-wise performance when sparse MS
A and dense

MA RKHS Adapters are used to reduce the sim2real domain gap. MA performs
better on all datasets than MS

A .
Table S.2 demonstrates the impact of different kernels used in MA including

linear and RBF kernels, both with and without trainable weights. MA with
trainable linear kernel performs the best compared to others.



4 Y.Wu and M. Greenspan

Table S.3 compares different RKHS metrics including MMD, KL Div, and
Wass Distances. MA evaluated by MMD outperforms the other metrics.

Table S.4 illustrates the training strategies of the regression and voting model
Mrv and the adapter MA, whether sequentially or mixed. The mixed training is
shown to lead to better (+2.5%) performance.

Lastly, the correlation between object size and accuracy is also evaluated on
LM, LMO, and YCB datasets, and the results are shown in Fig. S.4. The object
size impact on the accuracy has no significant impact except when there are
extreme occlusions in LMO.

Table S.1: The impact of sparse (Ms
A) and dense (MA) Adapters, defined in Sec. 5.1

in the main paper, on LM and LMO, and five BOP core datasets.

Adapter Dataset ARV SD ARMSSD ARMSPD AR

MA

LM 96.0 95.7 95.7 95.8
LMO 68.7 68.2 68.2 68.4

TLESS 85.9 85.1 85.8 85.6
TUDL 97.6 96.4 95.4 96.2
ITODD 69.2 68.5 68.4 68.7

HB 92.7 91.6 92.5 92.3
YCB 83.9 83.4 84 83.8

average 84.9 84.1 84.3 84.4

Ms
A

LM 93.4 92.7 92.6 92.9
LMO 59.7 59.3 59.2 59.4

TLESS 78.8 78.7 78.8 78.8
TUDL 95.6 95.3 95.5 95.5
ITODD 56.7 56.7 56.5 56.6

HB 85.7 85.3 85.6 85.5
YCB 76.5 76.4 76.6 76.5

average 78.1 77.8 77.8 77.9
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Table S.2: The impact of different RKHS kernels defined in Sec. 5.3 in the main paper
on LM and five BOP core datasets.

Kernels Trainable Dataset ARV SD ARMSSD ARMSPD ARWeights (w)

Linear ✗

LM 85.4 84.2 84.4 84.7
LMO 56.9 56.3 55.4 56.2

TLESS 74.3 73.8 74.2 74.1
TUDL 88.2 87.3 84.3 86.6
ITODD 45.2 44.7 45.3 45.1

HB 79.3 78.6 79.2 79.0
YCB 72.2 70.5 71.3 71.3

average 71.6 70.8 70.6 71.0

RBF ✗

LM 85.3 84.1 84.3 84.6
LMO 57.1 56.3 55.2 56.2

TLESS 73.7 73.1 73.6 73.5
TUDL 90.3 89.7 89.9 90.0
ITODD 52.7 51.9 52.5 52.4

HB 80.2 79.6 79.3 79.7
YCB 72.6 71.8 71.5 72.0

average 73.4 72.9 73.2 73.2

Linear ✓

LM 96.0 95.7 95.7 95.8
LMO 68.7 68.2 68.2 68.4

TLESS 85.9 85.1 85.8 85.6
TUDL 97.6 96.4 95.4 96.2
ITODD 69.2 68.5 68.4 68.7

HB 92.7 91.6 92.5 92.3
YCB 83.9 83.4 84 83.8

average 84.9 84.1 84.3 84.4

RBF ✓

LM 94.7 94.5 94.4 94.5
LMO 57.1 56.3 55.2 56.2

TLESS 83.7 82.9 83.3 83.3
TUDL 97.4 95.8 94.9 95.1
ITODD 66.7 63.6 64.2 64.7

HB 85.6 83.9 84.8 84.8
YCB 82.8 82.6 82.8 82.7

average 82.5 81.3 81.5 81.6
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Table S.3: The impact of different metrics defined in Sec. 5.3 in the main paper for
MA on LM and five BOP core datasets.

Metrics Dataset ARV SD ARMSSD ARMSPD AR

MMD

LM 96.0 95.7 95.7 95.8
LMO 68.7 68.2 68.2 68.4

TLESS 85.9 85.1 85.8 85.6
TUDL 97.6 96.4 95.4 96.2
ITODD 69.2 68.5 68.4 68.7

HB 92.7 91.6 92.5 92.3
YCB 83.9 83.4 84 83.8

average 84.9 84.1 84.3 84.4

KL

LM 90.2 90.3 90.5 90.3

Div

LMO 63.4 62.2 63.6 63.1
TLESS 79.8 79.7 80.2 79.9
TUDL 93.4 93.2 92.9 93.2
ITODD 62.1 62.2 62.1 62.1

HB 84.6 84.3 84.7 84.5
YCB 72.6 72.5 72.3 72.4

average 78.0 77.8 78.0 77.9

Wass

LM 92.3 91.7 92.2 92.1

Distance

LMO 64.7 64.2 64.7 64.5
TLESS 82.3 82.2 81.9 82.1
TUDL 95.7 95.6 95.5 95.6
ITODD 65.7 64.9 65.6 65.4

HB 89.3 89.1 89.5 89.3
YCB 76.5 76.3 76.6 76.4

average 80.9 80.6 80.9 80.8
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Table S.4: The impact of different training strategies described in Sec. 5.2 in the main
paper on LM and five BOP core datasets.

Training Type Dataset ARV SD ARMSSD ARMSPD AR

Mixed

LM 96.0 95.7 95.7 95.8
LMO 68.7 68.2 68.2 68.4

TLESS 85.9 85.1 85.8 85.6
TUDL 97.6 96.4 95.4 96.2
ITODD 69.2 68.5 68.4 68.7

HB 92.7 91.6 92.5 92.3
YCB 83.9 83.4 84 83.8

average 84.9 84.1 84.3 84.4

Sequential

LM 95.4 95.2 95.3 95.3
LMO 65.3 65.2 65.2 65.2

TLESS 85.7 85.3 85.6 85.5
TUDL 97.6 96.4 95.4 96.2
ITODD 63.4 62.2 62.3 62.6

HB 88.6 88.4 88.3 88.4
YCB 79.8 79.5 80.0 79.8

average 82.3 81.7 81.7 81.9

Fig. S.4: Impact of object size (diameter) on accuracy, for three datasets (LM, LMO,
and YCB). There is no noticeable performance change for different object sizes, except
for small heavily occluded objects in the LMO dataset.



8 Y.Wu and M. Greenspan

S.5 Category Wise Performance

The category-wise ADD(S), ADD-S AUC, and ADD(S) AUC results for LINEMOD-
Occlusion, LINEMOD, and YCB-Video are shown in Tables S.5, S.6, and Ta-
ble S.7. RKHSPose outperforms on average against all self-supervised methods
and most of the object categories.

Table S.5: LMO accuracy results of self-supervised 6DOF PE methods: accuracy of
RKHSPose for non-symmetric objects is evaluated with ADD, and for symmetric ob-
jects (annotated with ∗) is evaluated with ADD-S. All the syn + real image methods use
real images without GT labels. The methods annotated with ∗∗ are the TexPose [S.1]
re-implementation.

Object hole-Mode Method ape can cat driller duck eggbox∗ glue∗ puncher Mean
syn GDR [S.12] 44 83.9 49.1 88.5 15 33.9 75 34 52.9

syn + real

Self6D [S.11] 13.7 43.2 18.7 32.5 14.4 57.8 54.3 22 32.1

images

Sock et al. [S.7] 12 27.5 12 20.5 23 25.1 27 35 22.8
DSC [S.14] 9.1 21.1 26 33.5 12.2 39.4 37 20.4 24.8

SMOC-Net [S.9] 60.0 94.5 59.1 93.0 37.2 48.3 89.3 25.0 63.3
Self6D++ ∗∗ [S.1, S.10] 59.4 96.5 60.8 92 30.6 51.1 88.6 38.5 64.7

TexPose [S.1] 60.5 93.4 56.1 92.5 55.5 46 82.8 46.5 66.7
Ours 62.7 93.5 58.2 92.5 58.7 48.2 88.7 46.5 68.6

Ours+ICP 62.7 93.7 58.2 92.7 58.7 48.3 88.7 46.7 68.7
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