GFRRN: Explore the Gaps in Single Image Reflection Removal

Supplementary Material

A. The details of Mona Layer

Fig. 1 illustrates the insert position of the Mona layer [7]
within the SwinBlock [6] and presents its detailed struc-
ture. The Mona layer is inserted after the Attention and
Feed-Forward Network to fine-tune their outputs. The core
of the Mona layer is a set of visual filters composed of three
multi-scale depthwise convolutions (3 X 3,5 X 5, 7 X 7) and
a pointwise convolution (1 x 1), which collectively capture
multi-scale visual information. More sophisticated convo-
lution group can be designed to enhance the performance,
which is not the focus of this paper.
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Figure 1. Top: The insert position of the Mona layer within the
SwinBlock. Bottom: The detail of Mona layer.

B. The overall structure of decoder

Alg. | outlines the overall workflow of a certain level in the
decoder. Each level consists of the G-AFLB and the Dual-
stream Dynamic Interaction Block (DDIB). The DDIB is a
dual-stream Transformer block that incorporates DAA and
Layer-wise DAA (i.e., LDAA).

C. The details of G-AFLB

The Adaptive Frequency Learning Block (AFLB) [1] can
be divided into Frequency Mining Module (FMiM) and
Frequency Modulation Module (FMoM). Its function is to
modulate the feature maps using the frequency information
of the input image I. Specifically, the FMiM adaptively sep-
arates the high-low frequency components of the enhanced

Algorithm 1 Structure of Certain Level of Decoder

Require: Input features F, FY and degraded image I
Ensure: Output features i and Fii

1: Stepl: Apply G-AFLB

2 F} = G-AFLB(FQ,1)

3 Fl =G-AFLB(FQ,T)

4: Step2: Apply K DDIB

5 F’Ic"u’rrent — F%, Fﬁur’r'ent — Fl%

6: fori =1to Kdo

7: LayerNorm:

8: FTLN — LN(FrFuTTent)

9 F]%N — LN(Fﬁurrent)

10: Combine tokens:

11: XN = Concat([FEN, BEEN], dim = 0)
12: XEN = Concat([FEN, BEN], dim = 1)
13: Apply attention:

14: X54 = DAA(XEN)

15: XCA = LDAA(XEN)

16: Split back:

17: FRA FR4 = Split(X54, dim = 0)

18: FEA FEA = Split( XA, dim = 1)

19: Combine the dual-attention results:

20: Fij — F]gurrent + F’ISA +FTCA

21: FRDA — Fﬁ'u’rrent + FlfA + FRCA

22: Apply FFN:

23: FEN' = LN(FP4)

24: FYN' = LN(FP4)

25: EFFN FEFFN — DSLPBlock(FEN', FEN')
26: Output:

27- ch"urrent — FTDA + FTEFN

8: Fﬁurrent — F]?A + Flf‘FN

29: end for

30: Output: Ff = Fgurrent, FE — pgurrent

input image, while the FMoM modulates the input feature
map with the separated frequency components, enabling the
feature map to explicitly carry frequency information. G-
AFLB’s key is the FMiM, which separates high-low fre-
quency through Gaussian low-pass filter. The details are
shown in Fig. 2. This process can be formally represented
as follows:

Fiow: Frign = FMiM(I),
Xiow = CrossAttention (Fio, Xin)
Xhigh = CrossAttention (Fpign, Xin) ,
Xout = FMoM (Flow, Fhigh, Xin) -

ey

The original FMiM used rectangular masks in the fre-
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Figure 2. Overall structure of G-AFLB and details of FMiM.

quency domain to separate the high-low frequency informa-
tion of the input image I. However, this can lead to ringing
artifacts in the corresponding spatial domain image. The
specific derivation is provided below:

Let (x,y) denote spatial coordinates and (w,,w,) de-
note the corresponding frequency domain coordinates. Let
f(z,y) be a function in the spatial domain, and F'(ws, wy)
be its frequency domain response. The formulas for the
Fourier transform and its inverse are:

F(wg,wy) = // fax,y)e @emteny) dudy,
R2

1 )
flz,y) = W //Rz F (We,wy) ez(w”“wyy)dwmdwy.
(2

According to the convolution theorem, multiplication in
the frequency domain is equivalent to convolution in the
spatial domain. Therefore, multiplying by a mask in the fre-
quency domain is equivalent to convolving with the spatial
domain response of that mask in the spatial domain:

]:{f*g} = F(wwva) : G(mey)- 3)

A frequency domain mask is essentially a low-pass filter.
The frequency domain expression for an ideal rectangular
low-pass filter is:
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HRec (Wm»wy) - {

Substituting H .. into the inverse Fourier transform for-
mula yields its spatial domain impulse response:
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This result shows that the spatial domain response of the
ideal rectangular low-pass filter is a two-dimensional Sinc
function. This function is not single-peaked and oscillates
between positive and negative values. When convolved with
image edges, this oscillatory response causes oscillations in
the image, manifesting as the ringing artifact.

The frequency domain representation of a Gaussian low-
pass filter is:
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Substituting this into the inverse transform formula:
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Using the Gaussian integral formula:
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For the x-direction integral, let @ = 5 5. For the y-

2
direction integral, let a = % This yields:
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Combining these results:
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Therefore, the spatial domain response of the Gaussian
frequency domain filter is still a two-dimensional Gaussian
function. The Gaussian function is single-peaked and al-
ways positive. Convolving this response with a spatial im-
age results in blurring without introducing ringing artifacts.



D. The details of DAA and LDAA

We propose the DAA mechanism, a novel self-attention
variant that accounts for content differences across win-
dows. The overall procedure is outlined in Alg. 2, where
DWC denotes depthwise convolution.

A lightweight WIE module is introduced to predict the
difference in reflection intensity between windows. This
design can be generalized to all window-based attention
mechanisms, with detailed structure shown in Fig. 3. The
Q vector is reshaped to dimensions (N,,, C, H,,, W,,) and
fed into the WIE module, where N, represents the number
of windows, and H,, and W, denote the height and width
of each window, respectively. The WIE module outputs a
vector of shape (NN, 1), assigning a weight to each win-
dow. For visualization purposes, the resulting weights are
remapped to the spatial dimensions (1,1, H, W), where H
and W are the height and width of the feature map.

We further extend the DAA to a method termed LDAA,
which enables dual-stream interaction between features of
the transmissive layer and the reflective layer. The complete
procedure is described in Alg. 3.
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Figure 3. The structure of our proposed WIE.

E. New benchmark

We have additionally captured a new testing dataset named
GF40. It consists of 40 image pairs. Each pair includes a
superimposed image I and its transmission layer image T.

The capturing process is illustrated in Fig. 4. Following
[9], we first capturing T by blocking the light source on the
same side of the camera, and then capturing I without any
obstruction. This approach can prevent pixel misalignment
caused by glass refraction.

We test and compare the state-of-the-art methods on the
GF40 dataset. As shown in Tab. 1, the quantitative compar-
isons are provided, while qualitative results are visualized
in Fig. 5.
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Figure 4. The capturing process of GF40.
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Table 1. Performance comparison of our GFRRN and current
state-of-the-art methods on GF40. We use the pre-trained mod-
els they provided for evaluation. The best results are displayed in
bold, while the second-best are underlined.

Methods ‘ Venues ‘ PSNR SSIM
DSRNet [2] ICCV’23 23.79  0.860
DURRNet [4] | ICASSP’24 2243  0.815
RRW [9] CVPR’24 23.65 0.863
DSIT [3] NeurIPS’24 | 2498  0.868
DExNet [5] TPAMI’25 23.16  0.845
RDNet [8] CVPR’25 24.35  0.856
GFRRN - | 2595 0.876

Algorithm 2 Dynamic Agent Attention
c R2Nw X Hoyy Wy xC

Require: Input tensor x;,
Ensure: Output tensor z,,; € R2Nw*HuwWuwxC
1: Stepl: Compute Q, K, V
Q, K,V = Linear(x;;,)
: Step2: Agent Generation
A = AgentGenerate(Q)
Step3: Window Importance Estimation
score = WIE(Q)
A, = A-score
Step4: Agent Aggregation
V4 = softmax(A, - KT + bias) -V
Step5: Agent Broadcast
Fattn — softmax(Q - A} + bias) - Va
: Step6: Feature Enhancement
Fdwe = DWC(V)
Step7: Output Projection
Tyt = Linear(F#n 4 pdwe)
: Output: z,,;
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Algorithm 3 Layer-wise Dynamic Agent Attention

Require: Input tensor x;,,
Ensure: Output tensors ., € RVv
1:

— — = = =
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c RNwXZHwWwXC
X2H Wy, xC

Stepl: Compute Q, K, V
Q, K,V = Linear(x;;,)

Step2: Layer-wise Agent Generation
Q1, Qr = LayerSeparate(Q)

At = AgentGenerate(Qr)
Agr = AgentGenerate(QR)
A = LayerCombine(Ar, AR)

Step3: Layer-wise Window Importance Estimation
scorer = WIE(Qr), scorer = WIE(QR)
score = Average(scorer, scorer)

A, = A-score

: Step4: Layer-wise Agent Aggregation

V4 = softmax (A, K" + biasiayered)V

: StepS: Layer-wise Agent Broadcast
15:
: Step6: Layer-wise Feature Enhancement

Fattn — softmax(QA;E + biaslayered)VA

Vr, Vg = LayerSeparate(V')

Fgdwe — DWC(Vq)

Fdwe = DWC(1R)

Fwe = LayerCombine( Figwe, Fgwe)

: Step7: Output Projection

Lout = Lil’lear(F“ttn + qu;c)

: Output: x4
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Figure 5. The visual results of RRW, DSIT, RDNet and our GFRRN on samples from GF40.
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