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1. Relation of K-Net to the Kalman filter
The proposed update process defined in Eq. 8 in the main

paper using residuals is closely related to Kalman Filter. In
Kalman Filter, given the observation xt at time t and the
estimated hidden state ht−1 at time t−1, the updated hidden
state ht is:

ht =Wtht−1 +Kt(xt − VtWtht−1) (1)

whereWt is the transition matrix mapping the previous hid-
den state to current state; Kt is the gain matrix mapping the
residual in the observation space to the hidden state space.
Vt is the measurement matrix mapping the estimation in the
hidden state space back to the observation space.

If we assume the measurement matrix is accurate: xt =
V ht, and the gain and measurement matrices are temporally
invariant, we have:

ht =Wtht−1 +K(V ht − VWtht−1)

=Wtht−1 +KV (ht −Wtht−1) (2)

Comparing our proposed update process in Eq. 5, Eq. 8 and
Eq. 9 in the main paper and Kalman Filter in Eq.2, in our
case the input images correspond to the observations xt ;
the negative-log depth probabilities correspond to the hid-
den states ht; the warping operator warp(·) corresponds to
the transition matrix Wt; the K-Net g(·) corresponds to the
multiplication of the gain and measurement matrices KV
in Eq. 2.

2. More Results
2.1. Complete metrics for Comparisons

We show the complete metrics for depth estimation com-
parisons in Table 1 and Table 2.

2.2. Results on KITTI without GPS or IMU

In Table 3, we show the performance of our method on
the KITTI dataset, in case where only the IMU measure-
ment are available (denoted as ’GT R’), and neither IMU
nor GPU are available (denoted as ’opt. pose’).

∗The authors contributed on this work when they were at NVIDIA.

3. Network structures
In this section, we illustrate the network structures used

in the pipeline.

3.1. D-Net

We show the structure of the D-Net in Table. 6. In the
paper, we set D = 64.

3.2. K-Net

We show the structure of the K-Net in Table. 4. In the
paper, we set D = 64.

3.3. R-Net

We show the structure of the R-Net in Table. 5. In the
paper, we set D = 64.
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Table 1: Comparison of depth estimation over the 7-Scenes dataset [6] with the metrics defined in [2]

σ < 1.25 σ < 1.252 σ < 1.253 abs. rel sq. rel rmse rmse log scale. inv

DeMoN [7] 31.88 61.02 82.52 0.3888 0.4198 0.8549 0.4771 0.4473
MVSNet [8] 54.87 72.60 84.80 0.3481 0.4819 0.8305 0.4470 0.3743
DORN [3] 60.05 87.76 96.33 0.2000 0.1153 0.4591 0.2813 0.2207
Ours 69.26 91.77 96.82 0.1758 0.1123 0.4408 0.2500 0.1899

Table 2: Comparison of depth estimation over the KITTI dataset [4].

σ < 1.25 σ < 1.252 σ < 1.253 abs. rel sq. rel rmse rmse log scale. inv

Eigen [2] 67.80 88.79 96.51 0.1904 1.263 5.114 0.2758 0.2628
Mono [5] 86.43 97.70 99.47 0.1238 0.5023 2.8684 0.1644 0.1635
DORN [3] 92.62 98.18 99.35 0.0874 0.4134 3.1375 0.1337 0.1233
Ours 93.15 98.018 99.25 0.0998 0.4732 2.8294 0.1280 0.1070

Table 3: Performance on KITTI dataset without GPS/IMU measurements

σ < 1.25 σ < 1.252 σ < 1.253 abs. rel sq. rel rmse rmse log scale. inv

GT R 89.34 98.30 99.64 0.1178 0.4490 3.2042 0.1514 0.1509
opt. pose 87.78 97.22 99.10 0.1201 0.5763 3.5157 0.1672 0.1665

Table 4: K-Net structure. The operator expand(·) repeat the image intensity in the depth dimension

Name Components Input Output dimension

Input concat(cost volume, expand(Iref)) 1
4H × 1

4 W × D × 4

conv 0
conv 3d(3×3, ch in=4, ch out=32), ReLU

conv 3d(3×3, ch in=32, ch out=32), ReLU Input 1
4H × 1

4 W × D × 32

conv 1
[

conv 3d(3 ×3, ch in=32, ch out=32), ReLU
conv 3d(3×3, ch in=32, ch out=32)

]
× 4 conv 0 1

4H × 1
4 W × D × 32

conv 2
conv 3d(3×3, ch in=32, ch out=32), ReLU

conv 3d(3×3, ch in=32, ch out=1) conv 1 1
4H × 1

4 W × D × 1

Output Modified cost volume from the conv 2 layer 1
4H × 1

4 W × D × 1

Table 5: R-Net structure

Name Components Input Output dimension

Input cost volume from K-Net 1
4H × 1

4 W × D

conv 0
conv 2d(3×3, ch in=64+D, ch out= 64+D), LeakyReLU
conv 2d(3×3, ch in=64+D, ch out= 64+D), LeakyReLU concat(Input, fusion

in D-Net )

1
4H × 1

4 W × (64+D)

trans conv 0 transpose conv(4×4, ch in=64+D, ch out=D, stride=2),
LeakyReLU

conv 0 1
2H × 1

2 W × D

conv 1
conv 2d(3×3, ch in=32+D, ch out=32 + D ), LeakyReLU
conv 2d(3×3, ch in=32+D, ch out=32 + D),LeakyReLU concat(trans conv 0,

conv 1 in D-Net

1
2H × 1

2 W × (D+32)

trans conv 1 transpose conv(4×4, ch in=32+D, ch out=D, stride=2 ),
LeakyReLU

conv 1 H ×W × D

conv 2
conv 2d(3×3, ch in=3+D, ch out=3+D ), LeakyReLU

conv 2d(3×3, ch in=3+D, ch out=D ), LeakyReLU
conv 2d(3×3, ch in= D, ch out=D )

concat(trans conv 1,
Iref)

H ×W × D

Output Upsampled and refined cost volume H ×W × D



Table 6: D-Net structure. The structure is taken from [1]

Name Components Input Output dimension

Input Input frame H ×W × 3
CNN Layers

conv0 1 conv 2d(3×3, ch in=3, ch out=32, stride=2), ReLU Input 1
2H × 1

2 W × 32
conv0 2 conv 2d(3×3, ch in=32, ch out=32 ), ReLU conv0 1 1

2H × 1
2 W × 32

conv0 3 conv 2d(3×3, ch in=32, ch out=32), ReLU conv0 2 1
2H × 1

2 W × 32

conv1
[

conv 2d(3×3, ch in=32, ch out=32), ReLU
conv 2d(3×3, ch in=32, ch out=32)

]
× 3 conv0 2 1

2H × 1
2 W ×32

conv1 1 conv 2d(3×3, ch in=32, ch out=64, stride=2), ReLU conv1 1
4H × 1

4 W ×64

conv2
[

conv 2d(3×3, ch in=64, ch out=64), ReLU
conv 2d(3×3, ch in=64, ch out=64)

]
× 15 conv1 1 1

4H × 1
4 W ×64

conv2 1 conv 2d(3×3, ch in=64, ch out=128), ReLU conv2 1
4H × 1

4 W ×128

conv3
[

conv 2d(3×3, ch in=128, ch out=128), ReLU
conv 2d(3×3, ch in=128, ch out=128)

]
× 2 conv2 1 1

4H × 1
4 W × 128

conv4
[

conv 2d(3×3, ch in=128, ch out=128, dila=2), ReLU
conv 2d(3×3, ch in=128, ch out=128, dila=2)

]
× 3 conv3 1

4H × 1
4 W × 128

Spatial Pyramid Layers

branch1
avg pool(64×64,stride=64)

conv 2d(1×1, ch in=128, ch out=32), ReLU
bilinear interpolation

conv4 1
4H × 1

4 W × 32

branch2
avg pool(32 × 32,stride= 32)

conv 2d(1×1, ch in=128, ch out=32), ReLU
bilinear interpolation

conv4 1
4H × 1

4 W × 32

branch3
avg pool(16 × 16,stride= 16)

conv 2d(1×1, ch in=128, ch out=32), ReLU
bilinear interpolation

conv4 1
4H × 1

4 W × 32

branch4
avg pool(8 × 8,stride= 8)

conv 2d(1×1, ch in=128, ch out=32), ReLU
bilinear interpolation

conv4 1
4H × 1

4 W × 32

concat concat(branch1, branch2, branch3, branch4, conv2, conv4) 1
4H × 1

4 W × 320

fusion
conv 2d(3×3, ch in=320, ch out=128), ReLU
conv 2d(1×1, ch in=128, ch out=64), ReLU concat 1

4H × 1
4 W × 64

Output The extracted image feature from the fusion layer 1
4H × 1

4 W × 64
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