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1 Algorithms

Algorithms 1 and 2 describe the training and compression tasks, respectively. Algorithm 1 outputs
an ensemble of multi-dimensional dictionaries, while Algorithm 2 depicts the process of computing
the sparse coefficients together with the membership index for one data point.

Algorithm 1 Training an ensemble of 4-dimensional dictionaries.

Require: The training set {X (i)}Nl
i=1, sparsity τl, error threshold ϵ, and the number of dictionaries

K
Ensure: A 4-dimensional dictionary ensemble

{
U(1,k),U(2,k),U(3,k),U(4,k)

}K

k=1

1: Set
{
U(1,k),U(2,k),U(3,k),U(4,k)

}K

k=1
to random orthonormal matrices and initialize Mi,j ←

K−1,∀i,∀j
2: β = 0.01 ▷ Initialization of the inverse temperature
3: repeat
4: β = β × 2 ▷ Increase the inverse temperature
5: repeat
6: for i = 1, . . . , Nl do
7: Z(j,k) = 0,∀k, ∀j
8: for k = 1, . . . , K do

9: S(i,k) = X (i) ×1

(
U(1,k)

)T ×2

(
U(2,k)

)T ×3

(
U(3,k)

)T ×4

(
U(4,k)

)T
10: Nullify (Π4

j=1mj)− τl smallest elements in absolute value from S(i,k)

11: eik = ∥X (i) − S(i,k) ×1

(
U(1,k)

)T ×2

(
U(2,k)

)T ×3

(
U(3,k)

)T ×4

(
U(4,k)

)T ∥2F
12: ▷ Compute the error of representation
13: end for
14: for k = 1, . . . , K do

15: Mi,k =
(
ΣK

b=1e
β(eik−eib)

)−1

16: Z(j,k) = ΣNl
i=1Mi,kX (i)

[j]

(
U(4,k) ⊗ · · · ⊗U(j+1,k) ⊗U(j−1,k) ⊗ · · · ⊗U(1,k)

) (
S(i,k)

[j]

)T

,∀j ∈

{1, 2, 3, 4} ▷ X (i)
[j] is the unfolding of X (i) along the jth mode

17: end for
18: end for
19: for k = 1, . . . , K do

20: U(j,k) = Z(j,k)
((

Z(j,k)
)T

Z(j,k)
)−1

2
,∀j ∈ {1, 2, 3, 4}

21: end for
22: until Convergence of

{
U(1,k),U(2,k),U(3,k),U(4,k)

}K

k=1
23: until ∥M− ⌊M⌋∥2F < ϵ ▷ i.e. until M is binary or near binary



Algorithm 2 Computing non-zero coefficients and the membership index for a data point.

Require: A data point Y (i) in the testing set, sparsity τt, error threshold ϵ, and the dictionary
ensemble

Ensure: The coefficient tensor S, the dictionary membership index a
1: e ∈ RK ←∞ and z ∈ RK ← 1
2: for k = 1, . . . , K do

3: X (k) ← Y (i) ×1

(
U(1,k)

)T ×2

(
U(2,k)

)T ×3

(
U(3,k)

)T ×4

(
U(4,k)

)T
4: while zk ≤ τt and ek > ϵ do
5: Nullify (Π4

j=1mj)− zk smallest elements in absolute value from X (k)

6: ek ← ∥Y (i) −X (k) ×1 U
(1,k) ×2 U

(2,k) ×3 U
(3,k) ×4 U

(4,k)∥2F
7: zk = zk + 1
8: end while
9: end for
10: a← index of min(z)
11: if za = τt then
12: a← index of min(e)
13: end if
14: Y (i) ← X (a)

2 Angular interpolation

As discussed in the paper, we perform bilinear interpolation to find the reflectance value at new
angles. We can utilize the fast local access to each texel in the sparse coefficients space and apply
the interpolation between the four nearest neighbors as follows:

Ŷ (i)

x1,x2,x3,x4
=

τt∑
z=1

Ŝ(i)

lz1 ,l
z
2 ,l

z
3 ,l

z
4
U

(1,mi)
x1,lz1

U
(2,mi)
x2,lz2

(
β((1− α)U

(3,mi)
x3s ,l

z
3
U

(4,mi)
x4′s

,lz4
+ αU

(3,mi)
x3s ,l

z
3
U

(4,mi)
x4′t

,lz4
)+

(1− β)((1− α)U
(3,mi)
x3t ,l

z
3
U

(4,mi)
x4′s

,lz4
+ αU

(3,mi)
x3t ,l

z
3
U

(4,mi)
x4′t

,lz4
)
)
, (1)

where, s, t, and s′, t′, denote the index to the two nearest samples to the current incident light
and view directions, respectively. α is the distance between current viewing and sampled outgoing
angles, and β is the distance between current light direction and sampled incident light.

3 Model parameters and storage calculations

To enable comparison with Rainer et al. [RGJW20], we adjusted the storage cost of our method to
correspond to theirs, where 16, 32, 64, 128, and 256 latent variables were used. In the following,
we explain how the storage requirements are set for our method to fulfill this comparison. Once we
project the data points of each material onto our learned dictionary, we obtain a sparse representa-
tion of that material, noted as sparse coefficients. We require 1 byte for storing the membership ma-
trix M, 2 bytes for the number of non-zero values, 3 bytes for the non-zero locations, and 2 bytes for
the sparse coefficients per channel resulting in (2×τtY×1600+2×τtU×1600+2×τtV×1600)+(3×τtY×
1600+3×τtU×1600+3×τtV ×1600)+(1600×3+1600×3+1600×3) = 8000×(τtY +τtU +τtV )+14400
bytes for all channels. We also store our 4D dictionaries (8) as 16-bit floating point values for each
color channel with the storage cost of (10×10×8+10×10×8+151×151×8+151×151×8)×3×2 =
2198496 elements making the total cost equal to 8000 × (τtY + τtU + τtV ) + 2212896. Rainer et al.
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