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In this Supplemental Document, we present supporting material including additional results, ablation experiments, and
discussion that could not otherwise fit within the main text. Specifically we provide:

• Analysis of hand shake data:

1. Visualization of individuals’ hand shake data and commentary on inter-person variance. (Section 1.1)

2. Hand shake statistics and probabilistic view of bundle recording. (Section 1.2)

• Additional results and visualizations:

1. Reconstruction results for additional test scenes. (Section 2.1)

2. Photometric error maps. (Section 2.2)

3. Reconstruction results for room-scale (>1m) scenes. (Section 2.3)

4. Reconstruction results for close-range (<10cm) unfocused scenes. (Section 2.4)

5. Reconstruction results for mixed-range (<0.5m + >1m) scenes. (Section 2.5)

6. Reconstruction results for variable levels of hand shake. (Section 2.6)

7. Comparison to RGB-guided upsampling. (Section 2.7)

• Additional ablation results:

1. Effects of changes in sampled patch size K. (Section 3.1)

2. Effects of changes in geometric regularization weight α. (Section 3.2)

3. Effects of changes in number of encoding functions L. (Section 3.3)

4. Effects of Gaussian versus square patch weighting. (Section 3.4)
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1. Additional Hand Shake Analysis

1.1. Hand Shake Visualization

In Figure 1 we present per-individual point clouds which we create by aggregating all the hand shake paths recorded by

each of our 10 volunteers, as outlined in Section 4 of the main text.

Figure 1: Hand-shake point clouds for individual volunteers. Each hand shake path is recentered to start at the same location,
and follows the progression from blue to red over the recordedN = 120 frames. Each green dashed oval illustrates a radius
of 6mm from the center of the starting point of these hand shake paths, and serves to denote the scale of the point cloud. We
�nd that both the scale and symmetry of hand shake paths is user-dependent, with volunteer 7 exhibiting large asymmetric
hand tremors, and volunteer 4 small relatively symmetric hand shakes.



1.2. Hand Shake Statistics

Bundle LengthN : 120 Frames 100 Frames 80 Frames 60 Frames 30 Frames 15 Frames

Median Effective
Baseline [mm]

5.75 5.34 4.60 4.021 2.62 1.5

Fraction of Effective
Baselines> 5mm

0.589 0.517 0.461 0.369 0.183 0.06

Fraction of Effective
Baselines> 3mm

0.844 0.794 0.756 0.661 0.433 0.19

Table 1: Quantitative analysis of the maximum displacement, or equivalently the effective baseline, of recordedN frame
bundles. We investigate the median effective baseline of these bundles, as well as the fraction of bundles which achieve a
greater than 5mm and 3mm effective baseline.

Figure 2: Plot to illustrate the hand shake statistics presented in Table 1. We see that for frame count120� N � 60 there is
not a sharp drop in the fraction of bundles which record a> 5mm maximum displacement.

Probabilistic View of Hand Shake Bundles. Given the randomness of natural hand tremor present during a snapshot

recording, there is a corresponding randomness in the effective baseline of a recorded lengthN bundle. While we can

consider the direct correlation betweenN and phone displacement during recording, where we expect the phone to move

farther as we record longer, we offer a more probabilistic view of this process. Given a target for micro-baseline depth

reconstruction, for example an effective 5mm or 3mm baseline, we can ask with what probability we expect a lengthN

recorded bundle to provide meet this target. Looking to Table 1, we �nd that for our collected hand shake dataN = 100

frames is suf�cient to record a 5mm maximum displacement approximately half the time. As seen in Figure 2, bundles

betweenN = 60 andN = 120 frames in length offer a reasonable probability (> 1
3 ) of capturing> 5mm baseline data.

Thus, much like in multi-frame superresolution [2, 3], we can limit the amount of data we acquire during one snapshot bundle

if we expect the phone photographer to take multiple snapshots of an object of interest – looking for the perfect angle, a sharp

photo – one of which we expect to achieve our target baseline.



2. Additional Results

2.1. Additional Scenes

Figure 3 shows reconstruction results for �ve additional captured scenes.

Figure 3: Qualitative comparison of depth reconstruction methods for �ve additional tabletop scenes (eagle, double, elephant,
elephant, frog). Of note is our recovery of �ne depth details in the complexdoublescene, correctly reconstructing the wooden
legs of the dolphin statue, and how our proposed method �xes the artifacts in the underling LiDAR depth around the trunk of
theelephantexample. These examples also demonstrate how our proposed method can reconstruct objects at varying scales,
where theembracestatue is only 10cm tall while theelephantis a full half meter in height.



2.2. Photometric Error Maps

Figure 4 visualizes squared photometric error for our proposed method and the next best reconstruction.

Figure 4: Visualization of squared photometric errorPE, as de�ned in Section 5 of the main text. We see that nearly all
the photometric error is accumulated from the high image contrast areas (e.g. object borders and large color features). This
matches our previous intuition, as these are the regions our proposed method re�nes. We see a signi�cant reduction in error
around depth discontinuities, such as around the borders of the objects, as well as intra-object features such as the feathers of
eagle, the central curves ofgourd, and the body ofganesha.


