Supplementary Material for Environment-Agnostic Pose:
Generating Environment-independent Object Representations
for 6D Pose Estimation

In this supplementary document, we first provide more samples of self-made DiverseScenes Dataset in
Figure 1, Figure 2, Figure 3 and Figure 4. We simulated different indoor and outdoor backgrounds with varying
lighting to construct four distinct scenarios, which have a significant difference from the training data.

We also provide detailed results on LineMOD, LineMOD-Occluded (LM-O) and YCB-V in Table 1, Table 2
and Table 3. We also evaluate our method on YCB-V and LM-O and report results in BOP challenges average
recall (AR) metrics and runtime in Table 4. Trained solely on synthetic data, our method still achieves the best
results.

Next, we study the impact of different backbones for the image (condition) encoder with ResNet101 [2], Ef-
fecientnetb7 [12] and Swin-B [6]. The results are reported in Table 3 which shows that Swin-B performs better
than other backbones. When replaceing the Swin-Transformer with CNN-based backbone ResNet, the accu-
racy on LM-O dropped by 2.5 % to 85.3%, yet it still outperforms Self6D++ (59.8%) and SO-Pose (62.3%).

At last, we provide more detailed visualization results including the environment-independent object repre-
sentations under cluttered scenes and the same objects in different environments in Figure 5, Figure 6, Figure 7
and Figure 8 .

Table 1: Comparison with state-of-the-art methods on LineMOD dataset. The table reports results for the
Average Recall (%) of ADD(-S). All results except ours are copied from SMOC-Net [13], TexPos [1] and
RKHSPose [16]. R: annotated real RGB data. S: synthetic RGB data. R™: unannotated real RGB data.
D: depth data. The best pose method using the same kind of training data is underlined, and the overall best
method is marked in bold.

Methods Training data | Ape Bench. Cam Can Cat Driller Duck Eggbox Glue Holep. Iron Lamp Phone Mean
DPOD [19] 533 952 90.0 94.1 604 974 660 996 938 649 998 88.1 714 82.6
PVNet [3] R 436 999 869 955 793 964 526 992 957 819 989 993 924 863
CDPN [4] 644 978 91.7 955 838 962 66.8 997 99.6 858 979 979 90.8 89.9
Self6D [15] 389 752 369 656 579 67.0 19.6 99.0 941 162 779 682 50.1 589
SelfoD++ [14] S+R™+D |754 949 97.0 995 86.6 989 683 99.0 96.1 419 994 989 943 885
RKHSPose [16] 90.3 997 99.1 99.8 964 993 865 998 998 807 99.6 98.8 972 959
DSC-PoseNet [18] 359 831 515 61.0 450 68.0 276 89.2 525 264 563 68.7 464 54.7
Self6D++ [14] S+R- 760 91.6 97.1 998 85.6 98.8 565 91.0 922 354 995 974 918 85.6
SMOC-Net [13] 856 96.7 97.2 999 950 1000 76.0 983 992 456 999 989 94.0 913
TexPose [ 1] 809 99 948 99.7 926 974 834 949 934 793 99.8 983 789 91.7
AAE [11] 42 229 329 37.0 187 248 59 810 462 182 351 612 363 326
MHP [7] g 119 662 224 598 269 446 83 557 546 155 60.8 - 344 388
DPODV2 [9] 351 594 155 488 28.1 593 256 512 346 177 847 450 209 405
EA6D 95.8 98.8 97.2 983 974 969 965 100.0 99.2 849 982 96.7 913 96.3




Table 2: Comparison with state-of-the-art methods on LineMOD-Occluded dataset. The table reports results
for the Average Recall (%) of ADD(-S). All results except ours are copied from 6D-diff [17], SMOC-Net [13]
and TexPos [1]. The best pose method using the same kind of training data is underlined, and the overall best
method is marked in bold.

Methods ‘ Training data ‘ Ape Can Cat Driller Duck Eggbox Glue Holep. Mean
ZebraPose [10] 579 950 60.6 948 645 709 887 83.0 769
CheckerPose [5] R+S 583 957 623 937 699 700 864 838 7715

6D-diff [17] 60.6 979 632 96.6 672 735 920 855 79.6
Self6D [15] 137 432 187 325 144 578 543 220 321
Self6D++ [14] S+R™+D 594 96.5 60.8 92.0 306 S51.1 886 383 64.7
RKHSPose [16] 627 937 582 927 587 483 88.7 467 68.7
DSC-PoseNet [18] 139 15.1 194 405 69 389 240 163 219
Self6D++ [14] S+R- 57.7 950 52.6 905 267 450 87.1 235 598
SMOC-Net [13] 60.0 945 59.1 93.0 372 483 893 250 633
TexPose [1] 60.5 934 56.1 925 555 460 828 465 66.7
EA6D ‘ S ‘92.3 942 705 954 86.6 856 956 824 878

Table 3: Comparison with RGB-based 6D object pose estimation methods on YCB-V dataset. (*) denotes
symmetric objects.

Method | Self6D++[14] | RKHSPose[16] | ZebraPose[I0] | CheckerPose[5] |  6D-diff [17] | EA6D
AUC of | AUC of | AUC of | AUC of | AUC of | AUC of | AUC of | AUC of | AUC of | AUC of | AUC of | AUC of

Metric ADD-S | ADD(-S) | ADD-S | ADD(-S) | ADD-S | ADD(-S) | ADD-S | ADD(-S) | ADD-S | ADD(-S) | ADD-S | ADD(-S)
002_master_chef can | 88.8 8.4 88.7 137 93.7 754 87.5 67.7 943 773 96.4 78.4
003 _cracker_box 942 84.9 94.7 86.2 93.0 87.8 93.2 86.7 93.7 88.1 95.8 86.6
004_sugar_box 95.8 88.0 96.2 91.3 95.1 90.9 95.9 91.7 96.3 91.8 98.2 88.8

005_tomato_soup_can 90.8 79.4 922 83.2 94.4 90.1 94.0 89.9 95.4 91.3 97.1 87.6
006_mustard bottle 98.6 92.7 99.5 92.7 96.0 92.6 95.7 90.9 96.6 92.9 96.5 88.2
007_tuna_fish_can 97.5 89.7 98.2 92.3 96.9 92.6 97.5 90.9 96.9 93.8 97.3 85.6

008_pudding_box 98.4 93.9 98.3 94.3 97.2 95.3 949 91.5 97.6 95.6 94.8 84.7
009_gelatin_box 94.0 83.9 95.2 84.2 96.8 94.8 96.1 93.4 97.3 95.3 95.1 86.6
010_potted_meat_can 89.3 75.7 92.7 76.3 91.7 83.6 86.4 80.4 92.5 84.5 98.5 87.2
011_banana 98.5 91.8 98.4 93.7 92.6 84.6 95.7 90.1 94.7 89.4 96.4 95.2
019_pitcher_base 98.9 92.1 99.1 94.3 96.4 93.4 95.8 91.9 96.7 93.9 98.7 91.4
021_bleach_cleanser 93.5 84.5 94.2 86.0 89.5 80.8 90.6 83.2 90.3 82.8 92.3 88.3
024 _bowl* 89.1 89.1 92.3 92.5 37.1 37.1 82.5 82.5 41.8 425 80.4 78.5
025_mug 94.1 81.4 95.2 83.2 96.1 90.8 96.9 92.7 96.7 91.7 98.4 92.1
035_power_drill 95.2 84.2 95.5 86.3 95.0 89.7 94.7 88.8 95.6 91.4 87.3 92.3
036_wood_block* 78.3 783 81.2 81.2 84.5 84.5 68.3 68.3 87.8 88.1 89.6 93.5
037_scissors 69.2 452 71.3 62.3 92.5 84.5 91.7 81.6 93.1 86.5 94.2 95.3

040_large_marker 87.5 74.6 89.2 75.6 80.4 69.5 83.3 72.3 85.6 72.5 75.8 88.4
051 _large_clamp* 79.2 79.2 83.4 834 85.6 85.6 90.0 90.0 89.3 88.6 88.4 89.2
052 _extra_large_clamp* | 87.3 87.3 90.2 90.2 92.5 92.5 91.6 91.6 92.7 92.7 90.5 87.4
061 _foam _brick* 95.5 95.5 95.5 95.5 95.3 95.3 94.1 94.1 96.5 95.7 94.2 89.7

mean | o1 | 800 | 924 | 828 | 901 | 853 | 913 | 864 | 915 | 870 | 931 | 883

Table 4: The average processing time and AR metrics in BOP challenges [3] on YCB-V and LM-O using
different training data.

Training data ‘ Real+Synthetic ‘ Synthetic
Method ‘ GPose [3] HccePose [3] ‘ GDRNPP [3] ZebraPose [10] EA6D
AR (YCB-V) ‘ 0.809 0.839 ‘ 0.713 0.830 0.835
AR (LM-O) ‘ 0.699 0.768 ‘ 0.713 0.729 0.744
Runtime | 0.26s 0.10s | 0277 0.25s 0.23s

Table 5: The results of different backbones on LM-O dataset.

Backbone | ResNet [2] EffecientNet [12] Swin-B [6]

ADD(-S) | 85.3 86.4 87.8
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Figure 1: Scene 1 of DiverseScenes Dataset.
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Figure 2: Scene 2 of DiverseScenes Dataset.



Figure 3: Scene 3 of DiverseScenes Dataset.



Figure 4: Scene 4 of DiverseScenes Dataset.



Figure 5: Visulization results on the LINEMOD dataset. Top: input images and the visulizations of poses,
green bounding boxes and blue bounding boxes represent GT poses and estimated poses, respectively. Middle:

Visualization of generated pure object representation. Bottom: The image after decoding the pure object
representation.



Figure 6: Visulization results on the LINEMOD dataset. Top: input images and the visulizations of poses,
green bounding boxes and blue bounding boxes represent GT poses and estimated poses, respectively. Middle:

Visualization of generated pure object representation. Bottom: The image after decoding the pure object
representation.



Figure 7: Visulization results of generated environment-independent object representation under occlusion on
the LM-O dataset.
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Figure 8: Visulization results of same objects on DiverseScenes Dataset and HomebrewedDB dataset. Green
bounding boxes and blue bounding boxes represent GT poses and estimated poses, respectively.



