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Abstract of Appendix

This appendix provides more implementation details (Appendix A), details of curated DP image
dataset (Appendix B), adaptation for refocusing functionality (Appendix C), more visualization
results and analysis (Appendix D).

A More Implementation Details

Network Architecture. Our method adopts a 4-stage UNet-style architecture for progressive feature
refinement. As mathematically formulated in Eq. 9 of main paper, each stage has two cascaded
parameter-independent modules: (i) disparity-aware feature convolution, followed by (ii) invertible
block Inv(-) and Inv=1(-). For (i), we use the disparity feature F .. (i, j) to retrieve a kernel K; ;
from kernel pool {K,,}/_,, and then a point-wise convolution [7] with K; ; or K, jl is employed

for feature refinement to obtain U’ or U't!, and the architecture of (ii) is elaborated in Table 1.
Notably, we parameterize learnable matrix W directly in its LU decomposition [3] for efficiency, i.e.,
W = PL(Q + diag(s)), where P is a permutation matrix, L is a lower triangular matrix with ones
on the diagonal, Q is upper triangular matrix with zeros on the diagonal, and s is a vector.

Table 1: Illustration of invertible block operations Inv(-) and Inv~1(-) in our method. In the forward
mapping, the input and output to each block are denoted as U’ and U'*!. During the backward
mapping, only Plus (+) and Multiply (®) needs to be inverted. ¢, ¢, ¢3 and ¢4 do not need to be
inverted, which can be any neural networks.

# Forward Operation Inv(-) Backward Operation Inv~'(-) Specification
_ ~ L(Q + diag(s)) denotes the matrix by
RO U! = PL(Q + diag(s))U! U = (Q + diag(s)) " '"P'L~'U*! | LU decomposition [3],
and P is a permutation matrix.
R1 UL, U} = Split(T?) ULHL, UL = Split(T+1) Split(-) denotes the channel-wise split.

R2 U = U, © exp(¢1(U})) + 65(U}) U, = (U — ¢, (ULH))/ exp(5(ULH)) @1, @o, ¢ and ¢, can be any neural networks.
R3 U;’H _ Uf} © exp(p3(ULFY) + ¢y (ULH) UL = (Ul — @2(UL))/9XP(®1(UL)) @ is the multiply operation.

R4 U*! = Concat(ULH, ULH) U! = Concat(U%, UL) Concat(-) is the channel-wise concatenation.

As mentioned in Table 6 of main paper, we adopt two variants v1 and v2 to investigate the impact of
different invertible blocks towards visual representation learning. Their architectures are illustrated in
Table 2 and Table 3, respectively.

Hyper-parameter Setting. Our L ;.; and L., both uses a combination of Multi-Scale Charbonnier
loss Lenar [8], Multi-Scale Edge loss Lcqge [8], and Multi-Scale Frequency loss L,¢q [5], 1. €.,

Lyret = Laeb = Lenar + M Ledge + Ao L freq- Weset \j =5 x 1072 and Ay = 1 x 1072, Regarding
other two loss supervision Acoe and Agrqq, We set Ago. = 0.5 due to that a excessive large A, would
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Table 2: The invertible block of variant v1.

# Forward Operation Backward Operation Specification

L(Q + diag(s)) denotes the matrix by
RO | U = PL(Q + diag(s))U! | U! = (Q + diag(s)) "'L~!P~1U!*! | LU decomposition [3],

and P is a permutation matrix.

Table 3: The invertible block of variant v2.

# Forward Operation Backward Operation Specification

_ _ L(Q + diag(s)) denotes the matrix by
RO | U'=PL(Q +diag(s))U! | U*! = (Q + diag(s))'L~'P~1U'*! | LU decomposition [3],

and P is a permutation matrix.

R1 U, U} = Split(T') Ukt Ukt = Split(T+1) Split(-) denotes the channel-wise split.
R2 Ul = UL + ¢4(U} Ul = gt — ¢, (Ult!
lal ot 91(Us) b b ¢5(Ua") ¢1, ¢o, 5 and ¢, can be any neural networks.
R3 | UG = U+ 6,(U) U, = Ui - ¢,(U})
R4 | UM = Concat(ULH, Uffl) U’ = Concat(U!, UY) Concat(-) is the channel-wise concatenation.

overwhelm the useful cues in F;,,;; learned from reblurring and deblurring task, and Ag,qq = 0.5 to
reserve the high-frequency information and sharp the edge in restored image.

Design of Gate Vector R in Eq. 7. A computed in Eq. 7 of main paper,
Fcoc =RO FG + Pfeat (Prgb (ant)) ) (1)

where R serves as the gating vector to balance the learning between the vanilla disparity feature F
and CoC-aligned feature P,.q(F it ). Specifically, it is formulated as,

R = Tanh(P(;(Fg) + PC(Pfeat (Prgb(Finit>)))7 (2)

where Pg(+) and P (-) are two simple linear neural layers. We empirically observe that using the
gate R could strengthen the gradient of F;,,;;, and adaptively balance the contribution of F;,,;; and
F to feature vector F ...

B Details of Curated DP image Dataset

In this paper, We present a real-world DP dataset consisting of 10 high-quality pairs, for refocusing
evaluation. The DP image is captured by Canon EOS 5D MarkIV '. The camera sensor features
two independent photodiodes embedded within each pixel, enabling phase-detection autofocus for
rapid focusing. During image capture, the left and right sub-pixels combine their outputs to generate
the final view. After collection, we use software Digital Photo Professional > to split the DP view
from the captured center one. In our dataset, the image pairs are captured using aperture settings
corresponding to f/2.8, which results in the greatest DoF and thus most defocus blur. As shown in
Figure 1, we select two objects 0 and o5 as focal point to form a image pair (B,1, B,2), and each
of pair B. contains a dual-pixel image pair (B. ;, B. ). When performing evaluation, we take one
dual-pixel image pair as the input, and regard another image (center view) as the target image.

Notably, considering that when two objects are far apart, focusing on different objects may introduce
noticeable misalignment of the captured scene. To address this issue, we adopt the following strategies
during the captured process: (1) Restrict the distance between the two focus targets within a certain
range to allow only minimal and acceptable shifts. (2) Manually crop and align the two images when
slight misalignment still occur. (3) First adopting classical image matching techniques [4, 6] for pixel
matching, and then compute corresponding quantitative metrics. All the datasets will be released.

C Adaptation of Refocusing Functionality

We manually modify two SOTA methods on deblurring task, K3DN and Omni-Kernel [!], for
refocusing adaption. For K3DN (architecturally similar to our approach), we replace our 4-level

"https://www.canon.co.uk/cameras/eos-5d-mark-iv/
*https://app.ssw.imaging-saas.canon/app/zh/dpp.html?region=6
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Figure 1: Three examples of our collected DP image pairs. The red and green circles indicate the
focal points, while the orange bounding box highlight the zoomed-in regions.

UNet with K3DN’s backbone while preserving only RO (Table 1) to maintain essential reversibility.

For Omni-Kernel that has more complex architecture, we simply concatenate disparity feature and
DP image features in a channel-wise manner, and take them as input for target image approximation.

D More Visualization Results and Analysis
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Figure 2: Kernel selection preference when performing refocusing from all-in-focus image.
Accumulated Weight refers to assigned weight score of each blur kernel K,, accumulated across
al the layer in invertible network.

Kernel Setting. We visualize the kernel selection prefer-

ence of two cases in Figure 2 for deeper behavior revela- Tgple 4: Performance with different
tion. It can be qbserveq that most kernels has a smaller  pymber of pre-defined kernel (K. 1N,
accumulated weight while only a small part of kernels are
activated for blur indication. In these two cases, the com- N 32 438 96 128
monly used kernels lies in index {56, 57, 65, 73, 86}, and Deblurring Performance

kernels with index {3, 17, 22, 80} are sample—speciﬁc. We PSNRT 2592 26.14 26.89 2682
also employ the hard selection of blur kernel, which can be
differentiably achieved by Gumbel-Softmax [2]. However,
we empirically observe that hard selection achieves the
suboptimal deblurring and reblurring performance. We posit that this issue arises because hard
selection induces an initial bias toward specific kernels during the early stages of training, which
subsequently hinders the optimization process for kernel selection. Additionally, we further investi-
gate how different number of pre-defined kernels affect model performance. As shown in Table 4,
Both insufficient and excessive numbers of kernels impair model performance. Fewer kernels cannot
adequately cover the necessary blur range across the dataset, while too many introduce excessive
non-trainable parameters that compromise model robustness.

Reblurring Performance

PSNRT 28.32 2846 29.18 29.18

More Refocusing Results on Self-Collected DP image
pair. We give the quantitative results on our self-collected  Taple 5: Comparison of refocusing per-
dataset in Table 5, our method achieves the consistent formance on self-collected dataset.

superior results across all the metrics. As shown in Fig-
ure 3, we take the first case as the example, the sheep is

Variants ~ PSNRT  SSIM MAE(p1) |, LPIPS|

e > i Omni-Kemel ~ 19.50  0.690 0.56 32.94
focused initially, and our goal is to transfer the focal point K3DN 1952 0.698 0.52 3191
Ours 19.68 0.707 0.52 30.87
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Figure 3: Visualization comparison of refocusing on self-collected DP image pairs. The red point
indicates the focal object, and the yellow bounding box highlights the zoomed-in regions.

from sheep to its right bottle. We compare our method
with two SOTA baselines K3DN and Omni-Kernel, the
comparison results show that our refocusing result is more
scene-realistic.
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