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Analysis of the Effect of Object Scale on Grasp Generation Using
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Abstract

This study investigates how object scale affects grasp generation in GraspLDM, a diffusion-based model designed for
autonomous robotic manipulation. Using a bottle object from the ARNOLD dataset, we scaled the object by factors of 0.5x, 0.8x,
1.2%, and 1.5x and quantitatively analyzed the resulting 3D grasp points. Our analysis reveals that reducing object size increases
normalized grasp distances and a wider dispersion of grasp points toward the object’s periphery, indicating decreased consistency.
In contrast, enlarging the object causes grasp points to cluster near the center, reducing grasp diversity. These findings suggest that
GraspLDM does not adapt proportionally to changes in object scale and exhibits distinct limitations depending on whether the
object is reduced or enlarged. Incorporating explicit object scale information may be essential for enhancing the robustness and
generalization capabilities of future grasp generation models.
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bottle id index Original Distance scaled to 0.5x rate of change scaled to 0.8x rate of change
3854 average 0.215464 0.403201 +87.13% 0.255332 +18.50%
deviation 0.030478 0.709063 +2226.47% 0.045049 +47.81%
3933 average 0.220666 0.389390 +76.46% 0.231771 +5.03%
deviation 0.053191 0.055028 +3.45% 0.046556 -12.47%
3934 average 0.240417 0.316451 +31.63% 0.223620 -6.99%
deviation 0.052632 0.059467 +12.99% 0.027442 -47.86%
3990 average 0.214794 0.362277 +68.66% 0.221371 +3.06%
deviation 0.057816 0.058426 +1.06% 0.048471 -16.16%
4084 average 0.210450 0.279558 +32.84% 0.232778 +10.61%
deviation 0.040778 0.081500 +99.86% 0.053585 +31.41%
4118 average 0.201026 0.322101 +60.23% 0.204614 +1.78%
deviation 0.061136 0.051091 -16.43% 0.034387 -43.75%
4200 average 0.205041 0.326320 +59.15% 0.238580 +16.36%
deviation 0.061136 0.040699 -33.43% 0.046496 -23.95%
4233 average 0.175308 0.306647 +74.92% 0.257013 +46.61%
deviation 0.054659 0.065872 +20.51% 0.046927 -14.15%
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Table 2. Comparison 10 grasps of the mean and standard deviation (when enlarged)

bottle id index Original Distance scaled to 1.2x rate of change scaled to 1.5x rate of change
3854 average 0.215464 0.169080 -21.53% 0.120058 -44.28%
deviation 0.030478 0.046815 +53.60% 0.036802 +20.75%
3033 average 0.220666 0.154410 -30.03% 0.123312 -44.12%
deviation 0.053191 0.043886 -17.49% 0.034314 -35.49%
3934 average 0.240417 0.196877 -18.11% 0.123735 -48.53%
deviation 0.052632 0.030471 -42.11% 0.031358 -40.42%
3990 average 0.214794 0.131256 -38.89% 0.120053 -44.11%
deviation 0.057816 0.035053 -39.37% 0.034023 -41.15%
4084 average 0.210450 0.177278 -15.76% 0.100917 -52.05%
deviation 0.040778 0.020867 -48.83% 0.019584 -51.97%
4118 average 0.201026 0.135885 -32.40% 0.106455 -47.04%
deviation 0.061136 0.026301 -56.98% 0.033100 -45.86%
4200 average 0.205041 0.150866 -26.42% 0.131072 -36.08%
deviation 0.061136 0.053108 -13.13% 0.041732 -31.74%
4233 average 0.175308 0.143053 -18.40% 0.096624 -44.88%
deviation 0.054659 0.026750 -51.06% 0.010904 -80.05%
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Table 3. Comparison 20 grasps of the mean and standard deviation (when reduced)

bottle id index Original Distance scaled to 0.5x rate of change scaled to 0.8x rate of change
3854 average 0.190015 0.356416 +87.57% 0.243748 +28.28%
deviation 0.060111 0.709063 +1079.59% 0.045049 -25.06%
3933 average 0.190570 0.391550 +105.46% 0.258115 +35.44%
deviation 0.042106 0.072003 +71.00% 0.048613 +15.45%
3934 average 0.186697 0.255248 +36.72% 0.260237 +39.39%
deviation 0.030878 0.083140 +169.25% 0.035630 +15.39%
3990 average 0.167049 0.252029 +50.87% 0.242789 +45.34%
deviation 0.034939 0.080126 +129.33% 0.031468 -9.93%
4084 average 0.190807 0.235616 +23.48% 0.247280 +29.60%
deviation 0.034759 0.071457 +105.58% 0.042825 +23.21%
4118 average 0.182119 0.154575 -15.12% 0.267268 +46.75%
deviation 0.031734 0.056398 +77.72% 0.040468 +27.52%
4200 average 0.201334 0.230058 +14.27% 0.256859 +27.58%
deviation 0.044994 0.093210 +107.16% 0.047697 +6.01%
4233 average 0.159413 0.172866 +8.44% 0.261311 +63.92%
deviation 0.043365 0.076049 +75.37% 0.042690 -1.56%
F 4. 2000 MY mX|Q W, BFE HA M Hlu (S Al)

Table 4. Comparison 20 grasps of the mean and standard deviation (when enlarged)

bottle id index Original Distance scaled to 1.2x rate of change scaled to 1.5x rate of change

3854 average 0.190015 0.126861 -33.24% 0.097912 -48.47%

deviation 0.060111 0.032507 -45.92% 0.025997 -56.75%

3933 average 0.190570 0.144098 -24.39% 0.099690 -47.69%

deviation 0.042106 0.051156 +21.49% 0.025028 -40.56%

3934 average 0.186697 0.121403 -34.97% 0.110963 -40.57%

deviation 0.030878 0.033607 +8.84% 0.035456 +14.83%

3990 average 0.167049 0.150896 -9.67% 0.113623 -31.98%

deviation 0.034939 0.035687 +2.14% 0.029524 -15.50%

4084 average 0.190807 0.135622 -28.92% 0.107328 -43.75%

deviation 0.034759 0.041404 +19.12% 0.031405 -9.65%

4118 average 0.182119 0.157779 -13.36% 0.121190 -33.46%

deviation 0.031734 0.049148 +54.87% 0.028844 -9.11%

4200 average 0.201334 0.117709 -41.54% 0.109975 -45.38%

deviation 0.044994 0.034866 -22.51% 0.035348 -21.44%

4233 average 0.159413 0.143967 -9.69% 0.090604 -43.16%

deviation 0.043365 0.038356 -11.55% 0.028245 -34.87%
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