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Appendix— UnPose: Uncertainty-Guided Diffusion
Priors for Zero-Shot Pose Estimation
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A Additional Qualitative Results

Scene-level Reconstructions. To demonstrate the generalization capablities of UnPose, we test
its performance beyond tabletop objects (YCB-V, LM-O) on large-scale furniture objects from the
ScanNet [1]. As shown in Fig. 1, UnPose reconstruct multiple diverse objects in a scene, including
four chairs, one sofa, and one table, all from the same pipeline. We showcase the reconstruction of
one object (chair) in the scene, and show it from an input camera viewpoint (Front View) and two
novel views (Back View 1 and 2). The smaller floater images are real observations and diffusion
frames provided to backend optimization, offering context on the input data.

Scene Front View Back View 1 Back View 2

Figure 1: Visualization of a scene-level reconstruction on a ScanNet scene [1] by UnPose. We show
the reconstruction of one of the chairs from one input camera viewpoint (Front View) as well as
diffused novel views (Back View 1 and 2). Real and diffusion images of the scene used in backend
optimization are shown as floaters.

Fig. 2 visualizes the pixel-level uncertainty estimations associated with the novel views generated
by the diffusion model [2] used in our pipeline. For a better understanding, we also show the ground
truth renderings of the object alongside each diffused view. It can be seen that the diffusion model
exhibits higher variance (greater uncertainties) for novel views that significantly deviates from the
input. This implies the model is less confident when synthesizing unseen regions of the object.

We further provide qualitative comparisons with SOTA 6D pose estimation methods [3, 4, 5], includ-
ing GigaPose [3], SAM-6D [4], and FoundationPose [5] on standard 6D pose estimation benchmark
datasets: YCB-Video [6] and LM-O [7]. Fig. 3 clearly shows that compared to prior methods where
the estimated translation and rotation show high error, our proposed method, UnPose, accurately
estimates the 6DOF of the object.

B Additional Quantitative Results

In this section, we present additional quantitative comparison details on YCB-Video [6] and LM-
O [7] datasets. We report object reconstruction results on YCB-V [6] dataset in Tab. 1, evaluating
performance with 1, 8 and 16 images. Our proposed method consistently achieves lower reconstruc-
tion error (measured as Chamfer Distance) and is significantly faster than prior methods [8, 9, 2].
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Figure 2: Visualization of diffused views, the associated pixel-level uncertainty estimates, and the
corresponding ground-truth rendering perspectives. The diffused images show larger variance at
unseen angles.

Figure 3: Qualitative results of UnPose compared to prior pose estimation methods on YCB-
Video [6] and LM-O [7] datasets when 8 reference views are used.

24 We tabulate the 6D pose estimation results on YCB-Video [6] and LM-O [7] in Tabs. 2 and 3 re-
5 spectively. Following prior works [5, 10, 11], we evaluate the performance on pose estimation using
26 ADD and ADD-S. Furthermore, for each method we report the results when 1, 8 and 16 images
27 are used for reconstruction [3, 5] or as reference views [4]. It can be seen in Tabs. 2 and 3 that our
28 method consistently outperforms prior SOTA methods (visible as gradual increase in the brightness
29 of the gradient) in all settings i.e., both metric and the number of images.

n

Method | Metric | yebu yebug ycbo; yebu yebuy yebuyy
1 3 6 ] 1 8 6 | 1 8 6 | 1 8 6 | 1 8 6 | 1 8 16
Wonder3d 27 | .CP [ 023 000 000 _017 000 000 | 002 000 000 _013 000 000 007 000 000 | 007 000 000
Time (s) 000 000 000 0.00 000 0.00 000 0.00 000 0.00 000 000
BundlesDF [0 | CD | 003 002 002007 004 002 ] 003 002 00 003 002 00l 005 002 00 | 000 000 000
PLION 10635 13527 172,96 | 101.74 11290 126.31 | 104.23 118.74 131.49 114.46 130.76 | 104.97 129.13 147.39 | 102.11 115.84
GOM 8] CD | 006 012 008 015 012 010 | 006 007 008 004 017 009 004 004 005 | 015 027 017
Time (s) | 28.88 | 53.64 28.63 [154.92 2838 | 53.53 2839 [ 5247 2797 | 5311 2827 152158

Ours

CD 0.02 0.00 0.00 0.03 0.02 0.02 0.01 0.01 0.00 0.02 0.01 0.01 0.01 0.01 0.00 0.02 0.00 0.00
Time (s) | 13.20 2620 4120 13.80 2720 41.70 | 1290 2630 4322 1350 2530 4025 1410 2221 4130 | 1130 2320 42.10

Table 1: Quantitative comparison for reconstruction with 1, 8 and 16 images using UnPose in terms

of accuracy (reported using chamfer distance (CD) as 10_3) and time (sec) on objects from YCB-
V [6]. For both CD and time, brighter gradients denotes better performance.
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Method | #img | Metric

Mean \ 005_tomato_soup_can 006_mustard_bottle ~ 007_tuna_fish.can ~ 009_gelatin.box ~ 010_potted_meat_can ~ 011_banana

] ADD | 1358
ADD-S 24.44 10.66
' ADD | 2148 14.03
GigaPose [3] 8 | ADDS | 3952 28,87
1 | apD | 6058
ADD-S | 868
. ADD | 3034 76.00 T6.67 20,00
ADD-S | 7458 100.00 72.10 75.40
. . ADD 45.57 80.00 1333 40.00
FoundationPose [S] | 8 | \pp’g | 90.17 100.00 89.10 97.20
6 | ADD | 712 10000 60.60 66.20
ADD-S | 9556 10000 §0.00 100.00
1 ADD 19.93 31.60 10.00
ADD-S | 43.04 52.10 50.00
ADD | 34.63 76.25 38.33 25.00
SAMGD [4] 8 | ADDS | 6386 96.70 65.17 71.28
6 | app | 7206 100.00 56.36 58.44
ADD-S | 97.02 100,00 83.73 100.00
\ ADD | 47.92 55.00 38.20 8000 [AAI00N5000
ADD-S | 8272 82.12 90.00 9.23 100.00 §0.00 75.00
oure . ADD | 612 56.60 70.00 53.60 87.00 40.00 60.00
i ADD-S | 9122 88.22 100.00 89.13 100.00 90.00 80.00
6 | ADD | 7439 64.98 80.00 66.67 91.00 76.67 67.00
ADD-S | 9665 89.83 100.00 94.87 100.00 10000 95.20

Table 2: Quantitative performance of UnPose compared to SOTA baselines on YCB-Video [6] for
6D Pose estimation. For both ADD and ADD-S metrics, we show higher values with brighter
gradient and vice-versa.

Method | #imgs | Metric | Mean | bath duck | cat toy | hole puncher | power drill | water can
| |ADD [ 1925 ENEW T.15 2.53
ADD-S | 34.77 EP) 6.90 8.63 67.72
Giopose [3] ¢ | ADD 3346 SERIRMERY 10.84 69.39
ap ADD-S | 54.07 [ circil ISRV 50.21 90.90 83.45
16 |ADD 6729 29.36 89.47 96.36
ADD-S | 87.53 97.37 97.96
. |ADD [34.00 26.12 22.00 82.23
ADD-S | 71.28 70.10 90.13 83.33
A ADD | 40.79 3 8323 AN
FoundationPose [3]| 8 | \ppy ¢ | 8560 : ) 96.33 85.33
6 |ADD 8429|7626 | 7830 94.26 81.20 91.46
ADD-S | 97.08 | 95.65 | 94.13 98.12 100.00 97.52
ADD | 29.16 AL 39.50
I | ADD-S | 61.69 [RRVEEIN 60.32 71.81
IR 1135 | 31.96 47.47
SAMG6D [4] 8 | ADD-S | 7035 [ i 95.10 7625 8181
16 |ADD 8265 6921 | 69.16 88.36 96.12 90.40
ADD-S | 93.00| 9022 | 76.29 99.93 99.59 98.99
| |ADD [50.11 34.22 40.10 83.63 5231
ADD-S | 8420 | 66.67 | 85.23 88.30 92.10 88.70
Ours ¢ |ADD | 6727 5221 | 52,10 71.10 86.67 74.27
ADD-S | 91.58 | 87.70 | 90.12 90.20 97.30 92.62
6 |ADD 8500 7721 | 8L10 88.20 90.21 88.30
ADD-S | 98.19 | 97.34 | 95.33 98.30 100.00  100.00

Table 3: Quantitative performance of UnPose compared to SOTA baselines on LM-O [7] for 6D
Pose estimation. For both ADD and ADD-S metrics, we show higher values with brighter gradient
and vice-versa.

C Deployments on a Real-world Robotic Platform

We further demonstrate the effectiveness and the deployment capablity of UnPose in a real-world
robotic manipulation pipeline using a PIPER robot arm. In this setup, UnPose estimates the complete
3D goemetry and 6D pose of a target object from RGB-D stream inputs captured by a wrist-mounted
Intel RealSense D435 camera. This geometric and pose information is then passed to a subsequent
grasp planning module, AnyGrasp [12], to determine a suitable grasp pose for the robot. Fig. 4
provides a visual snapshot of this system in action, showcasing UnPose’s reconstruction and pose
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Figure 4: Visualization of UnPose for a real-world robotic manipulation task where it estimates the
complete geometry and 6D pose of the cup.

estimation for a target mug on PiPER. Further details, including the dynamic operation of the system
capturing multiple views, the resulting reconstruction, and the robot successfully grasping the object,
are presented in the accompanying video.
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