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LightRR: A Lightweight Network for Single Image Reflection Removal

Supplementary Material

6. Additional Qualitative Results473

Due to space constraints in the main manuscript, only a sub-474
set of visual comparisons was provided. In this section,475
we present extensive qualitative comparisons against state-476
of-the-art (SOTA) methods on four real-world benchmarks:477
Real20 [33], SIR2 Objects, PostCard, and Wild [26].478

6.1. Comparison on Benchmarks479

Figure 8 illustrates the visual performance of LightRR com-480
pared to competing methods. As observed, our method ef-481
fectively removes reflection artifacts while preserving high-482
frequency transmission details, even in challenging scenar-483
ios characterized by strong reflections or complex back-484
grounds.485
Limitations and Failure Cases. While LightRR achieves486
an excellent balance between efficiency and performance,487
it may encounter difficulties under extreme conditions. As488
illustrated in Figure 8, when the reflection intensity is exces-489
sively high (see the first column) or when the reflection tex-490
ture is indistinguishable from the background texture (see491
the fourth column), our model may exhibit residual arti-492
facts.493

6.2. Visual Analysis of Ablation Studies494

To visually demonstrate the contribution of each proposed495
component, we provide comparisons of the ablation vari-496
ants discussed in the main paper (Tables 4, 5, and 6). Fig-497
ure 9 presents the results of: (1) removing the AF-SSM, (2)498
replacing WDD/WSU with sub-pixel convolution, and (3)499
training without Knowledge Distillation.500

• (c) Ours (LightRR): The proposed method achieves the501
best visual quality, effectively removing the white grid502
reflections while preserving the sharp edges of the blue503
dome and windows.504

• (d) Impact of AF-SSM: Replacing our AF-SSM with505
a standard 2D-SSM results in incomplete reflection re-506
moval. As seen in (d), the standard SSM fails to cap-507
ture the frequency-specific characteristics of the reflec-508
tion, leaving visible residual streaks in the sky.509

• (e) Impact of Wavelet Sampling: Using standard Sub-510
pixel Convolution instead of our Wavelet-based sampling511
(WDD/WSU) leads to a loss of high-frequency details.512
The resulting image (e) appears slightly blurred compared513
to Ours, validating the effectiveness of reversible wavelet514
transforms for detail preservation.515

• (f) Direct VGG Injection (vs. KD): Simply inject-516
ing VGG19 features into the encoder without distillation517
(Variant B in the main paper) yields suboptimal results.518

As discussed in our paper, these generic classification fea- 519
tures are not aligned with the reflection removal task. Di- 520
rectly using them restricts the lightweight model’s flexi- 521
bility, leading to color shifts or residual artifacts. 522

• (g) w/o Pre-trained Features: Training the lightweight 523
network from scratch (Variant A) results in the poorest 524
performance. Without the semantic guidance from the 525
Teacher network (Knowledge Distillation) or pre-trained 526
features, the shallow encoder struggles to distinguish the 527
reflection layer. 528

6.3. Lightweight Network Configuration for SOTA 529
Methods 530

In the main manuscript, we adjusted the architectural hy- 531
perparameters of several SOTA methods to align their pa- 532
rameter counts with those of our proposed LightRR, en- 533
suring a fair comparison under lightweight constraints. We 534
summarize the specific architectural modifications for these 535
lightweight variants in Table 7. 536

Visual comparisons of these lightweight variants are pre- 537
sented in Figure 10. It can be observed that, despite hav- 538
ing a comparable number of parameters, our model effec- 539
tively eliminates artifacts caused by highlights and strong 540
semantic reflections. In contrast, the performance of other 541
competing models degrades significantly when reduced to a 542
lightweight configuration. 543

7. Detailed Network Architecture 544

In this section, we provide the detailed specification of the 545
proposed LightRR architecture. The network adopts a four- 546
stage U-shaped structure. 547

7.1. Layer Configuration 548

We set the base channel width to C = 32. Consequently, the 549
channel dimensions expand as [C, 2C, 4C, 8C] across the 550
four stages. The specific number of AFM Blocks (N ) and 551
the configuration of the Low-Frequency Semantic Fusion 552
(LSF) heads are detailed in Table 8. 553

7.2. Detailed Hyperparameters 554

The specific hyperparameters for the core modules are con- 555
figured as follows: 556
• AF-SSM (Mamba): The state dimension (dstate) is set to 557

16, and the expansion ratio (mlp ratio) is set to 2.0. Bias 558
terms in the linear layers are disabled. 559

• Intermediate Processing Layers (Middlers): The Low- 560
Frequency (LL) features extracted from the encoder are 561
processed by a lightweight “BasicLayer” (a stack of AFM 562
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Figure 8. Visual comparisons on the Real20 dataset. Our LightRR effectively separates reflection layers while maintaining the color
fidelity of the transmission layer.

blocks) before entering the LSF attention module. The563
number of blocks for these intermediate layers corre-564
sponds to the encoder stages: N = [2, 3, 3] for Stages565
1, 2, and 3, respectively.566

7.3. Knowledge Distillation Setup 567

To compensate for the limited capacity of the lightweight 568
encoder, we incorporate a Knowledge Distillation (KD) 569
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Figure 9. Visual comparison of ablation studies. (a) Input image. (b) Ground Truth. (c) Ours (LightRR). (d) w/o AF-SSM (using standard
2D-SSM). (e) w/o Wavelet Sampling (using Sub-pixel Conv). (f) Direct VGG Injection (using VGG19 features directly as encoder input
without distillation). (g) w/o Pre-trained Features (training from scratch without any VGG prior). Zoom in for best view.

Table 7. Detailed Architecture Configurations for SOTA Methods and their Lightweight Variants. The “Light” variants are modified to
have parameter counts comparable to LightRR.

Method Variant Channels Encoder Blocks Decoder Blocks Middle/Aux. Blocks

DSRNet Original [64, 128, 256, 512] [2, 2, 4, 8] [2, 2, 2, 2] 12
Light [32, 64, 128, 256] [2, 2, 2] [2, 2, 2] 4

DSIT Original [48, 96, 192, 384, 768, 1536] [2, 2, 4, 8, 12] [2, 2, 2, 2, 2] [2, 2, 2, 2, 2]
Light [32, 64, 128, 256, 512] [2, 2, 4, 8] [2, 2, 2, 2] [2, 2, 2, 2]

RDNet Original [64, 128, 256, 512] [2, 2, 4, 2] - -
Light [32, 64, 128, 256] [1, 1, 2, 1] - -

Figure 10. Visual Comparison of Lightweight Models against SOTA Methods. Under similar parameter constraints, LightRR demonstrates
superior removal capabilities compared to the lightweight versions of DSRNet, DSIT, and RDNet. Zoom in for best view.

strategy during training. Specifically, we employ a pre-570
trained VGG19 network as the Teacher to provide multi-571
scale semantic guidance. The distillation loss, denoted as572

Ldistill, is minimized to align the intermediate feature rep- 573
resentations of the Student (LightRR) with those of the 574
Teacher. This forces the lightweight student to capture rich 575
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Table 8. Detailed architecture configuration of LightRR. The input resolution is denoted as H × W , and the base channel number is
C = 32. Note that “Middlers” refers to the intermediate processing layers for the skipped low-frequency (LL) features before they enter
the LSF module.

Stage Input Resolution Channels Block Type Num. Blocks (N ) LSF Heads

Encoder Path

Tokenizer H ×W 3 → 32 Conv 3× 3 - -
Stage 1 H ×W 32 AFM Block 2 -
Downsample 1 H ×W → H/2×W/2 32 → 64 WDD - -
Stage 2 H/2×W/2 64 AFM Block 3 -
Downsample 2 H/2×W/2 → H/4×W/4 64 → 128 WDD - -
Stage 3 H/4×W/4 128 AFM Block 3 -
Downsample 3 H/4×W/4 → H/8×W/8 128 → 256 WDD - -

Bottleneck

Stage 4 H/8×W/8 256 AFM Block 4 -

Decoder Path & Semantic Fusion

Decoder 1 H/8×W/8 256 AFM Block 4 -
Fusion 1 (LSF) H/8×W/8 128 Middle Layer - 4 Heads
Upsample 1 H/8×W/8 → H/4×W/4 128 WSU - -
Decoder 2 H/4×W/4 128 AFM Block 3 -
Fusion 2 (LSF) H/4×W/4 64 Middle Layer - 2 Heads
Upsample 2 H/4×W/4 → H/2×W/2 64 WSU - -
Decoder 3 H/2×W/2 64 AFM Block 3 -
Fusion 3 (LSF) H/2×W/2 32 Middle Layer - 1 Head
Upsample 3 H/2×W/2 → H ×W 32 WSU - -
Final Output H ×W 64 → 3 Conv 3× 3 - -

structural and semantic information inherent in the teacher’s576
deep features.577

Table 9 details the correspondence between the LightRR578
encoder stages and the specific feature maps extracted from579
the VGG19 teacher. Note that since the channel widths of580
LightRR are smaller than those of VGG19, we align the581
channel dimensions before computing the loss.582

Table 9. Correspondence between LightRR Encoder Stages and
VGG19 Layers for Knowledge Distillation.

Student Stage (LightRR) Teacher Feature Map Size(VGG19)

Encoder Stage 1 Output 64×H ×W
Encoder Stage 2 Output 128×H/2×W/2
Encoder Stage 3 Output 256×H/4×W/4
Bottleneck Output 512×H/8×W/8
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