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ABSTRACT

Vision Transformers have achieved outstanding performance in image super-
resolution (SR), but existing lightweight models rely on window-based attention,
limiting their ability to model global dependencies essential for high-quality re-
construction. To address these challenges, we present DPMFormer, a Dual-
Path Mamba-Transformer architecture for lightweight image super-resolution.
Rather than a simple combination of a state-space model and a Transformer,
the design couples two streams throughout the network with deep dual fusions.
On the Transformer side, an Enhanced Transformer Layer (ETL) replaces self-
attention with Spatial-Channel Correlation (SCC) and a Depthwise-SwiGLU
Feed-Forward Network (DW-SwiFFN). On the Mamba side, Lightweight Bi-
directional Mamba Layers (LBi-ML) implement single-pass bidirectionality via
channel split and sequence reversal with additive cross coupling. The streams
interact at two levels: within each block, a Cross-Attention Layer (CAL) per-
forms fixed, non-overlapping cross fusion, and across blocks, Inter-branch Ex-
change Bridges (IEB) use resolution-preserving 1x 1 adapters around tokenization
to align channel spaces in both directions. Besides, we employ RMSNorm to re-
duce normalization overhead and, under our setup, observe modest, configuration-
dependent gains. Extensive experiments show that DPMFormer reduces MACs
by 47.3G (21%) and parameters by 21K under 2 x upsampling compared to HiT-
SR, while almost achieving state-of-the-art performance across five benchmarks.
Measured on an RTX 4090, our method reaches 668 ms latency, yielding 1.59x
and 2.33 x speedups over MambalR and CATANet, respectively. The code will be
publicly released.

1 INTRODUCTION

Image super-resolution (SR) constitutes a fundamental yet inherently ill-posed inverse problem in
computer vision, aiming to reconstruct high-resolution images from low-resolution inputs. With the
rapid proliferation of mobile applications, real-time video streaming platforms, and edge computing
devices, the development of computationally efficient models capable of delivering high-quality
super-resolution results has become increasingly critical for practical deployment scenarios. Over
the past decade, convolutional neural networks (CNNs) have dominated SR research (Dong et al.,
2016ajb; Lim et al., |2017; N1u et al.l 2020; [Li et al., [2025), delivering impressive reconstruction
quality. However, CNN-based architectures heavily rely on stacked convolutional layers, limiting
each pixel’s receptive field and hindering the modeling of global context, ultimately constraining
further performance improvement.

Vision Transformers have rapidly advanced SR by capturing long-range dependencies via windowed
self-attention (W-SA), as demonstrated in SwinIR (Liang et al.,[2021), ELAN (Zhang et al.| [2022al),
SRFormer (Zhou et al.| 2023)), and HiT-SR (Zhang et al.}|2025a)). Directly modeling global context
without windows incurs prohibitive computational costs, while windowing constrains the effective
receptive field and thus limits model expressiveness—even shifted-window schemes only partially
mitigate this trade-off. Nevertheless, capturing global context is essential for high-quality super-
resolution, as it allows models to leverage distant spatial correlations and semantic coherence to
generate structurally consistent and perceptually realistic high-resolution outputs.



Under review as a conference paper at ICLR 2026

To address these fundamental limitations, we propose Dual Path Mamba-Transformer (DPM-
Former), motivated by Mamba’s (Gu & Daol [2023)) ability to efficiently model long-range depen-
dencies with linear computational complexity, unlike Transformers’ quadratic complexity in global
attention. Our approach leverages complementary strengths: Mamba excels at efficient global mod-
eling, while windowed attention demonstrates superior local performance with lightweight compu-
tation. DPMFormer employs a dual-branch architecture to exploit complementary spatial modeling
capabilities: the Transformer branch employs windowed attention for efficient local feature ex-
traction, while the Mamba branch utilizes our lightweight bi-directional Mamba (LBi-Mamba) for
linear-complexity global dependency modeling. To facilitate progressive information exchange be-
tween global and local representations from the two branches, we couple Transformer and Mamba
at two levels, within blocks and across blocks, systematically integrating local detail preservation
and global contextual coherence within a unified framework. We further incorporate two optimiza-
tions: (1) Root Mean Square Normalization (RMSNorm) to improve computational efficiency, and
(2) DW-SwiFFN, which enhances SwiGLU with depthwise convolution to achieve effective global-
local contextual modeling.

The primary contributions of this work are:

* We propose DPMFormer, a novel dual-branch architecture that combines window-based
Transformer and Mamba blocks, exploiting their complementary advantages to extract
richer feature representations under lightweight constraints.

* We introduce a novel dual information exchange mechanism with cross-attention integrated
within Mamba blocks that facilitates dynamic feature exchange and fusion across branches.

» Extensive experiments demonstrate DPMFormer achieves leading SR performance with
fewer parameters and MACs, establishing a new baseline for efficient SR models.

2 RELATED WORK

2.1 EFFICIENT SUPER-RESOLUTION

Initially, several methods explored lightweight SR models based on CNNs and achieved promising
progress (Ahn et all |2018; |Du et al., 2022). However, both model depth and feature extraction
capacity have proven to be particularly important for advancing the performance of lightweight SR
models. This led to the emergence of information distillation approaches (Hui et al., 2018} |2019),
which have subsequently undergone a series of improvements (Liu et al.,[2020). Meanwhile, models
based on various non-Transformer attention mechanisms have also yielded excellent results in the
development of lightweight SR (Zhao et al.| 2020; [Behjati et al., 2023)). In addition, methods based
on lattice filter banks have provided new perspectives for lightweight SR (Luo et al., [2020). Never-
theless, while CNNs address local feature extraction through stacked convolutions, they remain less
effective in modeling long-range dependencies.

2.2 TRANSFORMER-BASED SUPER-RESOLUTION

The self-attention (SA) mechanism was introduced to address the challenge of modeling long-range
dependencies, which CNNs struggle with (Vaswani et al,, [2017). In recent years, to better cap-
ture such dependencies in high-level vision tasks like recognition and segmentation, a variety of
Transformer-based approaches have been proposed, including ViT (Kolesnikov et al.} 2021)), DETR
(Carion et al.,[2020), and Swin Transformer (Liu et al., 2021). Recently, the effectiveness of Trans-
formers has also been explored in low-level vision tasks, such as denoising, deraining, and espe-
cially image super-resolution (Chen et al., 2021a;2023)). For super-resolution, SwinIR (Liang et al.,
2021) introduced a shifted window-based self-attention (SW-SA) mechanism for image restoration,
striking a balance between performance and efficiency. SRFormer (Zhou et al., 2023)) introduced
permuted self-attention (PSA) to enjoy large windows with minimal overhead, achieving high per-
formance with reduced computational complexity by designing an efficient cross-scale attention
module. More recently, HiT-SR (Zhang et al.l 2025a)) proposed expanding hierarchical windows
plus a linear spatial-channel correlation module, achieving state-of-the-art SR with high efficiency.
However, window-based Transformers are inherently constrained by their limited receptive fields,
which restricts their ability to capture global contextual information and long-range dependencies.
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2.3 LINEAR-BASED SUPER-RESOLUTION

Several purely linear-based SR approaches have been proposed. SESR (Bhardwaj et al., 2022) de-
vised Collapsible Linear Blocks (CLB), using overparameterized linear transformations that can be
folded at inference time. LAPAR (Li et al.l |2020) formulates the LR to HR mapping as a pixel-
adaptive regression over a predefined filter dictionary, achieving state-of-the-art performance with
only a few thousand parameters and extremely low computational overhead. Mamba-based archi-
tectures leverage structured state-space models to capture both local and global dependencies in
linear time, making them highly suitable for super-resolution (SR) tasks (Gu et al., [2021; |Gu &
Daol 2023). Guo et al. first demonstrated this potential with MambalR (Guo et al., [2025b)), which
integrates local enhancement and channel-attention modules into the vanilla Mamba backbone. On
standard SR benchmarks, MambalR (Guo et al., 2025b) outperforms SwinIR (Liang et al., 2021)
while maintaining comparable FLOPs. Building on this, Xiao and Wang proposed MamEVSR
(Xiao & Wang|, |2025) for event-based video SR: they interleave adjacent-frame tokens via iMamba
blocks for spatio-temporal fusion, and use Mamba blocks to aggregate event and frame modalities,
achieving state-of-the-art video SR with linear complexity. These works establish a new paradigm
for state-space-powered SR and motivate further exploration of Mamba variants in low-level vision.
However, Mamba is limited in super-resolution tasks due to its lack of spatial inductive bias and
sensitivity to local textures, which hinders the reconstruction of fine-grained high-frequency details.

3 METHOD

We first outline the core methodology of DPMFormer, followed by detailed presentations of its
block-level and layer-level designs, respectively.
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Figure 1: Overview of our DPMFormer architecture and its key components. “OR” indicates dif-
ferent forms of the Adjustment Channel Linear (ACLinear), where the preceding and succeeding
ACLinear correspond to cases with increasing and decreasing channel dimensions, respectively.
LBi-ML denotes the full layer and LBi-Mamba refers only to the state-space core.

3.1 OVERVIEW ARCHITECTURE

Transformer-based SR captures long-range dependencies, but the quadratic cost of dense attention
typically forces windowing, which limits global context and hinders multi-scale aggregation. State-
space models (SSMs) such as Mamba propagate long-range signals with favorable scaling yet lack
content-adaptive weighting and often underperform on fine detail.
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We seek a lightweight SR architecture that preserves the favorable scaling of SSMs, introduces
content-adaptive fusion where it matters, and exchanges information between branches inside each
block rather than only at stage boundaries. Therefore, Our Dual-Path Mamba—Transformer follows
the general idea of combining an attention path with an SSM path, but it differs in three concrete,
implementation-backed aspects, and Figure|[T]annotates the two branches and their block interaction.

1. Per-block cross fusion. Each block applies a windowed Cross-Attention Layer (CAL),
queries from the Transformer branch attend to keys, values from the Mamba branch, en-
abling continuous cross-branch exchange within every block.

2. Single-pass bidirectional Mamba. Rather than two forward/backward SSM scans, we
form a bidirectional sequence by concatenating forward segments with their reversed coun-
terparts and perform a single selective scan, retaining context while lowering overhead.

3. Dual-path fusion and lightweight bridges. On the attention side, we adopt a
CrossFormer-style dual path with learnable fusion to coordinate complementary sub-
streams (Wang et al.| |2024). To keep fusion stable and low-overhead, we introduce
lightweight Inter-branch Exchange Bridges (IEB) that shuttle features between branches.

3.2 ENHANCED TRANSFORMER BLOCK (ETB)

Each ETB consists of an Enhanced Transformer Layer (ETL) and a lightweight Adjustment Channel
Linear (ACLinear) to replace the traditional Transformer block. Below we detail ETL and ACLinear.

Enhanced Transformer Layer (ETL). ETL comprises a Spatial-Channel Correlation (SCC), a
DW-SwiFFN, and two RMSNorms. All ETLs are performed on non-overlapping windows with
base size wp,se and expansion ratio r. The effective window and its token count are

(wHawW) = (T Whase waase)a m=wyg ww. (1)

Given a feature map with L=H - W tokens, ETL partitions tokens into # windows.
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Figure 2: Comparison between SwiGLU and DW-SwiFFN.

Spatial-Channel Correlation (SCC). Given a window feature tensor X € R”*¢ with m = w%
tokens and C' channels, we first apply a head-wise linear projection and reshape it into
Q,V € RM*mxdn \where h is the number of heads and C = hdj,. We denote by V € Rhxmxdn
a lightweight value projection of V, and by B,.; € R"*™X™ a learned relative positional bias.
All matrix multiplications below are performed independently for each head: for head index k, we
have Q(¥), V(¥) V() ¢ Rmxdn gnd Bg’ég € R™>™ The spatial self-correlation (S-SC) and chan-
nel self-correlation (C—SC) are defined as

QV’
«

n B,.el> V, (C-SC(Q,V) = (QTTV) \4 )

S-SC(Q,V) = (

where o > 0 is a learned per-head scaling factor. The outputs of both terms have shape R**™*d»
and are concatenated along the channel dimension, then reshaped back to R”*¢ via a linear projec-
tion before the window merge.

DW-SwiFFN. Unlike the standard Transformer FEN, ETL adopts a depthwise SwiGLU-style feed-
forward. Given an input window tensor X € R™*C we first project it to a higher-dimensional hid-
den space U = Linear,,(X) € R™*%s apply a depthwise convolution DWConv(X) € R™*¢s7,
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and then use a gated nonlinearity:
FFN(X) = Lineary, (Linear,,(X) ® ¢ (DWConv(X))), 3)

where o(-) is the sigmoid, © denotes element-wise (Hadamard) product, and
Linear,,;isR™*¢rs — R™*C maps the hidden features back to the original channel dimen-
sion.

RMSNorm. All ETL submodules use RMSNorm for channel-wise normalization. Given X €
R™*¢ RMSNorm computes RMSNorm(X) = v - X/4/ & >, X2, + ¢, with learnable scale y €

R® and a small constant . No mean subtraction or variance estimation is required.

Adjustment Channel Linear (ACLinear).  ACLinear is a post-ETL, per-position lin-
ear projection that modulates channel width. Given Z € R™*%n  ACLinear applies
ACLinear(Z) = ZW/, + b,., where W, € RCut*Cn and b,, € R, Its mode alternates
across successive ETBs with C7 < Cs: expansion (C7 — Cs) redistributes features in a higher-di-
mensional subspace to enrich subsequent blocks, whereas compression (Co — C17) acts as a learned
bottleneck that aggregates responses back to C'.

3.3 MAMBA CROSS BLOCK (MCB)

A MCB stacks d lightweight layers that alternate between an LBi-ML and a CAL. Let X, € RLx¢
denote the Mamba-branch tokens and Y; € RZ*C the Transformer-branch tokens produced by the
preceding ETB, where L = HW is the number of tokens and C' the channel dimension. For layer
indext=1,...,d,

X; + C CAL(X:;Yy)), ti ,
X, { " onv( (X t)) is even @

Xt + COHV(LBi-ML(Xt + Yt))a tis Odd,

where Conv : REX¢ — REXC is a 1 x 1 convolution applied in token space. This scheme injects
cross-branch context at complementary sites in the attention and state-space branches.

Cross-Attention Layer (CAL). Within each block, CAL injects cross-branch context while main-
taining resolution-independent attention by constraining computation to windows. We partition X
and Y into non-overlapping windows of size

(Wi, ww) = (wy, wy), m=wgwy = wfc 3)

For a window index w, let X,,,Y,, € R™*C denote the Mamba and Transformer branch to-
kens in that window. We project and reshape them into multi-head queries, keys and val-
ues Qy,,Kx,,Vx, € Ri*mxdn with C = hdp, and use a head-wise relative positional bias
B,.; € RixmXxm The per-window cross-attention update is

-
Qv Kx,,

CALWchwa>:soﬁnmx( i

+Brut) V.. ®)
which outputs a tensor in R?*™>dx that is then reshaped back to R™*¢ and merged over all win-
dows.

Lightweight Bi-directional Mamba Layer (LBi-ML). LBi-ML enables linear-time long-range
propagation by coupling the two branches within the SSM dynamics, and instantiates single-pass
bidirectionality through channel splitting and sequence reversal, which reduces the scan constant vs.
performing two scans; an additive cross-branch input is injected before the scan. After an input pro-
jection, channels are split into two halves, one half is reversed along the sequence axis to synthesize
a forward-backward pair, then concatenated and fed to a single selective scan

X g gm =Scan(DWConv(Concat(H; —, rev(Hy —)), 0).  Hy,Hy = X;,,p.Split.  (7)

where rev(-) reverses the sequence order, Scan(-; ) is a single selective state-space scan which
shown as Figure[3] and DWConv is a depthwise 1D convolution preceding the scan.
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3.4 INTER-BRANCH EXCHANGE BRIDGES (IEB)

We introduce the Inter-branch Exchange Bridges (IEB) to strengthen cross-branch interaction. IEB
aligns Transformer and Mamba features via a three-step adapter, consists a patch unembedding, a
ConvBlockD, and a patch embedding, where ConvBlockD comprises two 1 x 1 convolutions with
an intermediate GELU, providing lightweight local refinement. It applied bidirectionally , from
Transformer to Mamba and from Mamba to Transformer, yielding mutually reinforcing integration
across receptive fields.
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Figure 3: Detailed structure of the proposed LBi-Mamba.

4 EXPERIMENTS AND ANALYSIS

4.1 IMPLEMENTATION DETAILS

As in most lightweight architectures, we set the number of ETB and MCB blocks to 4. Each block
stacks 6 layers: the ETB contains 6 ETL layers, while in the MCB we interleave 3 Mamba layers
and 3 Cross Attention layers. We use 8 x 8 as the fixed window in CAL, 8 x 8 as the base window
in ETL and realize multi-scale context by applying expand ratios r € [0.5,1,2,4,6,8], which map to
effective window sizes [4,8,16,32,48,64] on 64 x 64 training patches. For the Transformer branch,
the input and output channel widths of the four ETB blocks are [36,48,36,48] and [48,36,48,36],
respectively. The Cross Mamba branch uses a constant width of 28.

All models are implemented in PyTorch and trained on 64 x 64 patches with a batch size of 16 for
500,000 iterations. We optimize using the ¢; loss and the AdamW (Loshchilov & Hutter, [2019)
optimizer with parameters 31 = 0.9, 82 = 0.99, and weight decay 10~“. The initial learning rate
is set to 5 x 10~% and is halved at iterations 250k, 400k, 450k, and 475k. During training, data
augmentation includes random rotations (90°, 180°, and 270°), and horizontal flips. All ablations
use the same seeds, data augmentations, and training schedule, results are averaged 5 runs.

4.2 DATA AND EVALUATION

Following prior practice, we train on the DIV2K dataset (Agustsson & Timoftel [2017) and evaluate
on five standard benchmarks: Set5 (Bevilacqua et all 2012), Setl4 (Zeyde et al., 2010), B100
(Martin et al.l 2001), Urban100 (Huang et al.| [2015)), and Mangal09 (Matsui et al., [2017). Low-
resolution images are generated by bicubic downsampling of the high-resolution counterparts. We
perform experiments under scale factors of x2, x3, and x4, and report peak signal-to-noise ratio
(PSNR) and structural similarity index (SSIM) (Wang et al., 2004) measured on the Y channel of
the YCbCr color space.

4.3 COMPARISON WITH STATE-OF-THE-ART METHODS

We evaluate the proposed DPMFormer by comparing it against state-of-the-art efficient SR methods.
The CNN-based algorithms include EDSR-B (Lim et al.| 2017), CARN (Ahn et al [2018), IMDN
(Hui et al., [2019), LatticeNet (Luo et al., 2020), SRPN-Lite (Zhang et al.,|2022b), GASSL-B (Wang
et al 2023b), and SRConvNet (Li et al., [2025). Transformer-based methods encompass HNCT
(Fang et al.l |2022), ELAN-L (Zhang et al., [2022a), Omni-SR (Wang et al., [2023a), SwinIR-NG
(Chot et al.} 2023), SRFormer-L (Zhou et al.l |2023), HiT-SR (Zhang et al.| [2025a)), CATANet (Liu
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Table 1: Quantitative comparison with state-of-the-art SR methods.The output size is set to 720 X
1280 for all scales to compute parameters and MACs. Best results are bold.

Method Scale Complexity Set5 Set14 B100 Urban100 Mangal09
Params MACs PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

EDSR-B \ X2 1370K 316.3G 37.99/0.9604 33.57/0.9175 32.16/0.8994 31.98/0.9272 38.54/0.9769
CARN ( X2 1592K 222.8G 37.76/0.9590 33.52/0.9166 32.09/0.8978 31.92/0.9256 38.36/0.9765
IMDN ‘E@!l@‘ X2 694K 158.8G 38.00/0.9605 33.63/0.9177 32.19/0.8996 32.17/0.9283 38.88/0.9774
LatticeNet \mlm X2 756K 169.5G 38.06/0.9607 33.70/0.9187 32.20/0.8999 32.25/0.9288 38.94/0.9774
SRPN-Lite @ml X2 609K 139.9G 38.10/0.9610 33.70/0.9189 32.25/0.9005 32.26/0.9294 -
GASSL-B 1“@!]% X2 689K 158.2G 38.08/0.9607 33.75/0.9194 32.24/0.9005 32.29/0.9298 38.92/0.9777
SRConvNet X2 387K 74.0G 38.00/0.9605 33.58/0.9186 32.16/0.8995 32.05/0.9272 38.87/0.9774

" "HNCT (Fang etal[2022) "~~~ 777 X2 77 735K T T 824G T T 38.08/0.9608 T T 33165/0.9182° ~ T32.22/0.9001  ~ 32.22/0.9294 ~ " 38.87/0.9774
ELAN- X2 621K 201.3G 38.17/0.9611 33.94/0.9207 32.32/0.9009 32.76/0.9340 39.11/0.9782
Omni-SR (W X2 772K 194.5G 38.22/0.9613 33.98/0.9210 32.36/0.9020 33.05/0.9363 39.28/0.9784
SwinIR-N X2 1181K 274.1G 38.16/0.9613 33.94/0.9205 32.31/0.9013 32.78/0.9340 39.20/0.9781
SRFormer-L 202 X2 853K 236.2G 38.23/0.9613 33.94/0.9209 32.36/0.9019 32.91/0.9353 39.28/0.9785
CATANet 'MIW X2 477K - 38.28/0.9617 33.99/0.9217 32.37/0.9023 33.09/0.9372 39.37/0.9784
HiT-SRF X2 847K 226.5G 38.26/0.9615 34.01/0.9214 32.37/0.9023 33.13/0.9372 39.47/0.9787

" "MambalR-L { W TTTTX2 77 7905K T T 167.0G T T 38013/0.9610° T T 33:95/0.9208° ~ "32.317/0.9013 ~ 32.85/0.9349 ~ ~ 39.20/0.9782
Hi-Mamba- . . X2 870K 178.0G 38.24/0.9613 34.06/0.9215 32.35/0.9019 33.04/0.9358 39.28/0.9785

SRMamba-T-!
MambalRv2-L
DPMFormer(O

X2 653K 121.5G 38.25/0.9614 34.24/0.9225 32.35/0.9017 33.20/0.9366 39.53/0.9790
X2 774K 286.3G 38.26/0.9615 34.09/0.9221 32.36/0.9019 33.26/0.9378 39.35/0.9785
X2 826K 179.2G 38.29/0.9618 34.12/0.9219 32.40/0.9027 33.29/0.9382 39.54/0.9792

X3 1555K  1602G  34.37/0.9270  30.28/0.8417  29.09/0.8052  28.15/0.8527  33.45/0.9439
x3 1592K  118.8G  34.29/0.9255  30.29/0.8407  29.04/0.8034  28.06/0.8493  33.50/0.9440
X3 703K 715G 3436/0.9270  30.32/0.8417  29.09/0.8046  28.17/0.8519  33.61/0.9445
X3 765K 763G 34.40/0.9272  30.38/0.8426  29.15/0.8061  28.19/0.8528  33.63/0.9442
X3 615K 627G 3447/0.9276  30.38/0.8425  29.16/0.8063  28.22/0.8534 -

X3 691K 704G 3447/0.9278  30.39/0.8430  29.15/0.8063  28.27/0.8546  33.77/0.9455
X3 387K 33.0G 3440009272 30.30/0.8416  29.07/0.8047  28.04/0.8500  33.56/0.9443
T X377 7363K T T 378G T T 34.47/0.9275 T T30.44/0.8439 ~ "29.15/0.8063 ~ 28.28/0.8557 ~  3381/0.9459
X3 629K 89.5G  34.61/0.9288  30.55/0.8439  29.21/0.8073  28.69/0.8614  33.80/0.9478
X3 780K 884G 34.70/0.9294  30.57/0.8469  29.28/0.8094  28.84/0.8656  34.22/0.9487
X3 1201K  1141G  34.64/0.9293  30.58/0.8471  29.23/0.8093  28.75/0.8639  34.22/0.9488
X3 861K 1329G  34.67/0.9296  30.57/0.8469  29.26/0.8099  28.81/0.8655  34.19/0.9489

X3 550K - 34.75/0.9300 30.67/0.8481 29.28/0.8101 29.04/0.8689 34.40/0.9499
X3 855K 101.6G 34.75/0.9300 30.61/0.8475 29.29/0.8106 28.99/0.8687 34.53/0.9502
X3 913K 74.5G 34.63/0.9288 30.54/0.8459 29.23/0.8084 28.70/0.8631 34.12/0.9479
X3 880K 80.0G 34.76/0.9298 30.61/0.8472 29.27/0.8091 29.05/0.8693 34.42/0.9499

X3 661K 557G 34.73/0.9296 30.65/0.8475 29.32/0.8098 29.14/0.8694 34.55/0.9500
X3 781K 126.7G 34.71/0.9298 30.68/0.8483 29.26/0.8098 29.01/0.8689 34.41/0.9497
X3 834K 80.5G 34.78/0.9302 30.69/0.8486 29.34/0.8110 29.12/0.8699 34.58/0.9506

MambalRv2-L
DPMFormer(O

x4 1518K 114.0G 32.09/0.8938 28.58/0.7813 27.57/0.7357 26.04/0.7849 30.35/0.9067
x4 1592K 90.9G 32.13/0.8937 28.60/0.7806 27.59/0.7349 26.07/0.7837 30.47/0.9084
x4 715K 40.9G 32.21/0.8948 28.58/0.7811 27.56/0.7353 26.04/0.7838 30.45/0.9075
x4 777K 43.6G 32.18/0.8943 28.61/0.7812 27.57/0.7355 26.14/0.7784 30.54/0.9075
x4 623K 358G 32.24/0.8958 28.68/0.7836 27.63/0.7373 26.16/0.7875 -

x4 694K 39.9G 32.17/0.8950 28.66/0.7835 27.62/0.7373 26.36/0.7888 30.70/0.9100
x4 382K 22.0G 32.18/0.8951 28.61/0.7818 27.57/0.7359 26.06/0.7845 30.35/0.9075
x4 373K 22.0G 32.31/0.8957 28.71/0.7834 27.63/0.7381 26.20/0.7896 30.70/0.9112
x4 640K 537G 32.43/0.8975 28.78/0.7848 27.69/0.7406 26.54/0.7982 30.92/0.9150
x4 792K 50.9G 32.49/0.8988 28.78/0.7859 27.71/0.7415 26.64/0.8018 31.02/0.9151
x4 1201K 64.4G 32.44/0.8980 28.83/0.7870 27.73/0.7422 26.67/0.8032 31.09/0.9161
x4 873K 62.8G 32.51/0.8988 28.82/0.7872 27.73/0.7422 26.68/0.8032 31.17/0.9156
x4 535K 46.8G 32.58/0.8998 28.90/0.7880 27.75/0.7427 26.87/0.8081 31.31/0.9183
x4 866K 58.0G 32.55/0.8999 28.87/0.7880 27.75/0.7432 26.80/0.8069 31.26/0.9171

MambalR-L (Guo et .11 2025b x4 924K 42.3G 32.42/0.8977 28.74/0.7847 27.68/0.7400 26.52/0.7983 30.94/0.9135
Hi-Mamba- TE? | x4 890K 45.0G 32.52/0.8995 28.80/0.7873 27.75/0.7429 26.81/0.8072 31.35/0.9186
SRMamba-T- x4 672K 32.8G 32.55/0.8991 28.85/0.7876 27.76/0.7423 26.78/0.8052 31.32/0.9184
MambalRv2-L x4 790K 75.6G 32.51/0.8992 28.84/0.7878 27.75/0.7426 26.82/0.8079 31.24/0.9182
DPMFormer(O x4 845K 56.9G 32.60/0.9001 28.91/0.7882 27.77/0.7436 26.93/0.8086 31.40/0.9189

2025b). Finally, Mamba-based approaches MambalR-L (Guo et al., 2025b), Hi-Mamba-T
2024), SRMamba-T-S (Liu et al.} 2025a) and MambalRv2-L (Guo et al.| [2025a)).

Quantitative Comparison. Table [T|summarizes PSNR/SSIM, parameters, and MACs against lead-
ing lightweight SR models. At 2x, DPMFormer uses 826K parameters and 179.2G MACs, lower
than SRFormer-Light and HiT-SR, while delivering leading or competitive results across the bench-
marks; on Urban100 it exceeds HiT-SRF by 0.06 dB and MambalR by 0.34 dB. Table 2] shows that
at 4x on an RTX 4090, DPMFormer runs in 668 ms and 37%/57% faster than MambalR/CATANet
while maintaining superior fidelity, achieving strong quality—efficiency trade-offs than HiT-SR.

Qualitative Comparisons. Figure [] presents qualitative comparisons on challenging SR cases.
Methods biased toward local cues with limited receptive fields often blur details and introduce arti-
facts (e.g. “img_085”); leveraging dual-branch modeling, DPMFormer strengthens long-range de-
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Table 2: Comparisons between SOTA efficient SR models and our approaches. Running time are
measured under 2x upscaling on RTX 4090 GPU with the output image size set to 720 x 1280.

Method SwinlR  SRFormer HiT-SRF CATANet MambalR DPMFormer(Ours)
running time (ms) 3723 3819 516 1552 1063 668

pendencies to yield sharper textures and finer detail. In geometry-heavy scenes (e.g. “img_076") and
text regions “EienNoWith”, it better preserves global structure and produces clearer glyph contours
(e.g., R, E), recovering both local detail and overall layout.

TC i, SUFUREZFURE LFURE SUFURE SUFURS
L\ HR EDSR-B CARN SwinIR-L ~ SRFormer-L
SFURE LIFURE SUFURE SUFURS

Mangal09: EienNoWith Bicubic HiT-SR MambalR-L  CATANet  DPMFormer
Z Y

Bicubic

Bicubic HiT-SR MambalR-L  CATANet DPMFormer

Figure 4: Qualitative comparisons for image SR (4 ) in challenging scenes. Red denotes ours.

4.4 ABLATION STUDY

We conduct an ablation study on the DPMFormer backbone to evaluate the effectiveness of each
proposed component. All model variants were trained and tested using the aforementioned experi-
mental settings and datasets on 2x upsampling factor.

Dual-Branch Architecture. To verify the effect of Within our dual-branch framework, we in-
stantiate a baseline (HiT-V) by configuring the HiT-SRF backbone with stage-wise input/output are
[36, 48, 36, 48)/[48, 36, 48, 36]. Appending a 28-channel Mamba branch yields Mamba-Transformer
(MAT). As reported in Table 3] MAT consistently improves reconstruction.

CAL. To validate the effectiveness of incorporating cross-attention into the Mamba branch, we
replace each standard Mamba layer with a Cross-Attention Layer (CAL), yielding the baseline Dual-
Path Mamba-Transformer model (DPMFormer-B). As shown in Table 3] the addition of cross-
attention further enhances the model’s reconstruction performance on complex textures.

Dual-Branch Channel Widths. We investigate the impact of channel widths for the ETB and
MCB by assigning various configurations to each branch to identify the optimal setup. The results,
presented in Table[3] demonstrate that using the VAR configuration for the ETB and a channel width
of 28 for the MCB achieves the best performance.
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Table 3: Dual-branch architecture and cross-attention effectiveness, where CT denotes the channel
width of the Transformer branch and CM denotes the channel width of the Mamba branch.

Method CT CM Set5 Set14 B100 Urban100 Mangal09
HiT-V VAR - 38.15/0.9615  33.88/0.9205  32.30/0.9012  32.69/0.9335  39.11/0.9782
MAT VAR 28 38.16/0.9615  33.87/0.9198  32.30/0.9011  32.91/0.9349  39.22/0.9781

_ DPMFormer-B__ VAR _ 28 __38.180.9617 _ 338909206 _ 323409013 _ 329709356 392809785 _
48 12 38.26/0.9617 34.02/0.9213 32.38/0.9026 33.15/0.9373 39.49/0.9787
DPMFormer VAR 28 38.29/0.9618 34.12/0.9219 32.40/0.9027 33.29/0.9382 39.54/0.9792

36 28 38.25/0.9617  33.98/0.9210  32.34/0.9019  33.16/0.9373  39.48/0.9785

Table 4: The validation of DW-SwiFFN effectiveness, where MR indicates the MLP ratio, CF, SG,
and DSF represents ConvFFN, SwiGLU, and DW-SwiFFN, respectively.

CF SG DSF MR Set5 Setl4 B100 Urban100 Mangal09

v 2.0 38.18/0.9616  33.89/0.9206  32.32/0.9013  32.97/0.9356  39.28/0.9785

v - - 1.5 38.16/0.9614  33.86/0.9203  32.32/0.9011 32.96/0.9358  39.27/0.9785
v - 1.5 38.22/0.9617  33.92/0.9207  32.34/0.9017  32.99/0.9361  39.30/0.9786

v 1.5 38.23/0.9619  34.07/0.9213  32.37/0.9024  33.08/0.9369  39.38/0.9792

DW-SwiFFN. We ablate feed-forward designs on DPMFormer-B by replacing its FFN with Con-
VvFEN (ratios 2.0 and 1.5), SwiGLU, and the proposed DW-SwiFFN; unless noted, the MLP ratio is
1.5 to keep the model lightweight. As shown in Table 4 reducing the ConvFFN ratio from 2.0 to
1.5 has negligible impact, while DW-SwiFFN attains the best reconstruction quality.

RMSNorm vs. LayerNorm. We replace LayerNorm with RMSNorm throughout DPMFormer-B
(with DW-SwiFFN). As shown in Table[5] RMSNorm yields small, dataset-dependent gains—+0.11
dB on Urban100 and +0.15 dB on Mangal(09—together with lower normalization overhead, moti-
vating its use in our lightweight setting; similar trends are observed on HiT-SR.

Table 5: Performance differences of DPMFormer-DSF under different normalization schemes.

Method #Para. Norm Set5 Set14 B100 Urban100 Mangal09

847K LayerNorm 38.21/0.9612 33.83/0.9206 32.33/0.9021 33.07/0.9369 39.34/0.9787
843K RMSNorm 38.27/0.9616 34.05/0.9211 32.37/0.9028 33.14/0.9376 39.40/0.9791
829K LayerNorm 38.23/0.9615 34.07/0.9213 32.37/0.9024 33.08/0.9369 39.38/0.9792
826K RMSNorm 38.29/0.9618 34.12/0.9219 32.40/0.9027 33.29/0.9382 39.54/0.9792

HiT-SR

DPMFormer-DSF

LBi-Mamba. To assess LBi-Mamba’s impact on computation and precision, we perform an ablation
in Table @ Relative to a direct bidirectional Mamba, LBi-Mamba uses 7K fewer parameters and
achieves higher performance, confirming its effectiveness within our framework.

IEB. We ablate IEB against two alternatives—linear fusion and no inter-branch fusion. Although
these variants are more lightweight, IEB delivers superior accuracy with only marginal latency dif-
ferences, validating the design as shown in Table[7}

5 CONCLUSION

In this work, we propose DPMFormer, an efficient dual-branch super-resolution framework that
fuses state-of-the-art Transformer-based SR methods with Mamba to achieve superior reconstruc-
tion performance. Our design introduces an ETB enhanced with MCB, which uses LBi-ML and
CAL to enrich and effectively integrate image features, and we additionally adopt RMSNorm and
a depthwise-enhanced SwiFFN to simplify normalization and feed-forward computation. Ablations
indicate modest improvements under our training setup. Extensive evaluations demonstrate the ef-
fectiveness of DPMFormer, under matched output size 720 x 1280 and reported latency on RTX
4090, DPMFormer delivers leading or competitive quality with lower MACs and params than strong
baselines.
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Table 6: The performance differs of DPMFormer using LBi-Mamba and Bi-Mamba.

Method #Para. MACs Set5 Setl4 B100 Urban100 Mangal09

DPMFormer with Bi-Mamba 833K 183.4G 38.27/0.9615 34.09/0.9218 32.39/0.9024 33.23/0.9378 39.49/0.9788
DPMFormer with LBi-Mamba 826K 179.2G 38.29/0.9618 34.12/0.9219 32.40/0.9027 33.29/0.9382 39.54/0.9792

Table 7: Impact of inter-branch fusion on PSNR/SSIM and Latency.

Fusion method ~ #Para. MACs Running time(ms) B100 Urban100 Mangal09

None 807K 175.3G 636 32.28/0.9017  33.18/0.9366  39.33/0.9782
Linear 815K 177.6G 652 32.36/0.9024  33.21/0.9373  39.40/0.9787
IEB 826K 179.2G 668 32.40/0.9027  33.29/0.9382  39.54/0.9792

ETHICS STATEMENT

This work develops a lightweight image super-resolution model and does not involve new data col-
lection, human subjects, or personally identifiable information. We train on standard public datasets
and evaluate on five widely used SR benchmarks; all assets are used under their respective licenses.
The method does not target biometric identification or demographic inference and introduces no sen-
sitive attributes in either training or evaluation. We do not position the model for forensic, medical,
or safety-critical use without domain-specific validation. We are not aware of any material ethical
concerns specific to this work.

REPRODUCIBILITY STATEMENT

We will release our full codebase upon acceptance, including training/evaluation scripts, configura-
tion files, model definitions, data preparation utilities, and scripts for parameter and MACs account-
ing and latency measurement. Checkpoints for all reported scales will also be provided to reproduce
the main tables and figures end-to-end.

The main paper specifies all details required for reproduction: datasets and evaluation protocol
(PSNR/SSIM on the luminance channel with standard crop), degradation settings, patch sizes, win-
dow sizes, the number of ETBs per stage, per-stage channel widths and the ACLinear schedule
(C1++C5), CAL window size, DW-SwiFFN ratio, and LBi-Mamba settings (channel split and se-
quence reversal). We further disclose optimizer, learning-rate schedule, batch size, total training
steps/epochs, and data augmentation.
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A APPENDIX

A.1 OVERALL ARCHITECTURE

As with other lightweight super-resolution (SR) models, our proposed architecture comprises three
fundamental components: a shallow feature extraction module utilizing 3 x 3 convolutional layers,
a dual-branch deep feature extraction module, and an upsampling reconstruction module employing
Pixel Shuffle operations. Given an input image Gy, g, the output from the shallow feature extraction
module is formulated as:

Fo=H:/(GLr) ¥

where H,¢(-) denotes the shallow feature extraction function implemented through 3 x 3 convolu-
tional operations, and F( represents the extracted shallow features subsequently processed by the
dual-branch deep feature extraction module.

Then, we divide F into two equal parts along the channel dimension: one is forwarded through the
Transformer path, while the other is processed by the Mamba path. This operation can be formulated
as:

Fi, Frny = S(Fo) ©)

where S(-) denotes the channel-wise split function that partitions the input feature into two sub-
features of equal dimensionality.

The dual-branch deep feature extraction module consists of two distinct yet complementary
branches: a Transformer Branch comprising multiple Enhanced Transformer Blocks (ETBs) and
a Mamba Branch constructed from several Mamba Cross Blocks (MCBs). The Transformer Branch
utilizes Window-based Attention mechanisms designed explicitly to capture fine-grained local spa-
tial features effectively. Conversely, the Mamba Branch integrates Mamba modules optimized for

15


https://openreview.net/forum?id=AjGC97Aofee

Under review as a conference paper at ICLR 2026

efficiently modeling long-range global dependencies. Additionally, the MCB incorporates a Cross-
Attention mechanism strategically developed to adaptively fuse complementary feature represen-
tations derived from both Transformer and Mamba branches, thereby significantly enhancing the
model’s representational capability and overall performance.

To facilitate efficient cross-branch interaction, we introduce the Inter-branch Exchange Bridges
(IEB), which is symmetrically applied in both Transformer-to-Mamba and Mamba-to-Transformer
directions. Each IEB consists of a patch unembedding layer, a convolutional enhancement module
(ConvBlockD), and a patch embedding layer. The ConvBlockD module comprises two stacked 1 x 1
convolutional layers with an intermediate GELU activation, enabling effective refinement of spatial
and semantic features. For the Transformer branch, a Dual Feature Extraction (DFE) module is
employed within the IEB to emphasize local details and structural cues before integration. For the
Mamba branch, a single linear projection is used to align the global representations with the Trans-
former feature space. This design preserves computational efficiency while enhancing bidirectional
information flow and ensuring better feature alignment for accurate reconstruction.

Specifically, let the number of stacked blocks be H, and let F; and F,, denote the intermediate
feature representations from the Transformer and Mamba branches, respectively. At each layer
1€ {1,2,...,4}, the forward computation proceeds as follows:

The input to the ETB is updated using shallow features or the fused result from the previous layer:

Fti = Hitb(Fti71 + g Hz:il(Fmifl)) (10)

ieb

where H? () denotes the i-th ETB, H!_,! () denotes the i — 1-th IEB which exchanges information
from MCB to ETB, and ¢ is an indicator function that activates the residual connection only when

1> 1.
The Mamba Cross Block processes the current Mamba features with the transformed ETB output:
Fmi = ’ZI'YLCb(Fmi,—l)’ Héeb(Fti) (11

where H! , denotes the i-th MCB which integrates Mamba and cross-attention mechanisms,
H~'(-) denotes the i — 1-th IEB which exchanges information from ETB to MCB.

ieb

After the final stage of deep feature extraction, we obtain two refined feature streams: F; from the
Transformer branch and F',,, from the Mamba branch. Before reconstruction, residual connections
are applied to both:

F =H,(Fp) + Fuy (13)
where H;. and H,,,. denotes a 3 x 3 convolutional layer used to refine the Transformer features

and Mamba features. The terms F(tg) and F(mg) are shallow features from each branch used for
residual learning.

The two enhanced features are concatenated along the channel dimension and fed into the upsam-
pling module:

Gsr = U([(ng F{m)])7 (14)
where, [+, -] denotes the concatenation operation along the channel dimension and () denotes the
Upsampler, which consists of a 3 x 3 convolution that increases the number of channels to (7% - C),
followed by a PixelShuffle operation with upscale factor r to reconstruct the final high-resolution
image Gsg.

This design ensures that both local and global contextual features contribute directly to the final
super-resolved output.

A.2 ENHANCED TRANSFORMER BLOCK

The Enhanced Transformer Block (ETB) consists of six stacked Enhanced Transformer Layers
(ETLs) and a residual connection. To enhance the receptive field, each ETL employs window-based
attention with variable window sizes, we use a base 8 x 8 window and set a; € {0.5,1,2,4,6, 8}
for the i-th ETL. The window size for each block is dynamically adjusted as follows:

wyg =a;-h, ww =aq; w (15)
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Figure 5: Comparisons between different SOTA methods, where local attribution maps (LAM) and

informative areas (Info. Area) are displayed.

where h and w denote the initial window height and width, and «; is the scaling factor at the ¢-th

block.

Let the input feature be denoted as F';, |, the forward propagation within the ETB can be formulated

as:
Fti = LC(L:t?(Fti—1)a (wHa wW)) + ]:(ti—l)

where L:t? represents six consecutive ETLs and L. is a 3 x 3 convolutional layer applied after the

ETLs.
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A.3 ENHANCED TRANSFORMER LAYER

Each Enhanced Transformer Layer (ETL) is composed of three core components: Root Mean
Square Layer Normalization (RMSNorm), Spatial Channel Correlation (SCC), and a Depthwise
Convolution-enhanced SwiFFN module (DW-SwiFFN). Given an input feature F;,, € RZH:W:C
we first apply a window-based reshape operation:

F;n = Oreshape (an), F;.n c ]RB/:WHWW,C (17)

where Oeshape (+) denotes the spatial window partitioning function.

Next, the reshaped feature is processed by the SCC module:
Fscc = Mscc(F;n) (18)

where M. (-) refers to the Spatial Channel Correlation operation.

We then reverse the reshape and apply RMSNorm followed by a residual connection:

Fatt = Mrms(oreshape(Fscc)) + Fin (19)

where M,..,,(+) denotes the RMSNorm operation.

Finally, the DW-SwiFFN module and another RMSNorm are applied, with an additional residual
connection:

Fout - Mrms (Mffn(Fatt)) + Fatt (20)

where Mgy, (-) denotes the depthwise convolution-augmented feed-forward network (DW-
SwiFFN).

A.4 MAMBA CROSS BLOCK

The proposed Mamba Cross Block (MCB) is composed of a sequence of three Lightweight
Bidirectional-Mamba Layers (LBi-MLs), each followed by a Cross-Attention Layer (CAL), together
with residual connections to enable stable feature flow.

Let F(m;_1) denote the input from the previous MCB and F (¢;_1) denote the features from the cor-
responding ETB after Fusion Adaptive Block (FAB) transformation. The MCB output is computed
as:

F(m;) = Leme(F(mi—1),F(ti—1)) + F(m;_1) 21

where L, (+, -) represents the composite operation of LBi-MLs and the Cross-Attention Layer
(CAL), enabling effective bidirectional modeling and inter-branch feature fusion.

A.5 LIGHTWEIGHT BIDIRECTIONAL-MAMBA LAYER

The Lightweight Bidirectional-Mamba Layer (LBi-ML) is designed to efficiently model long-range
dependencies via selective state-space dynamics while preserving bidirectional context. It consists
of three main components: Lightweight Bidirectional-Mamba (LBi-Mamba), RMSNorm and DW-
SwiFFN.

The core component of this module is the LBi-Mamba, whose internal computation process is de-
tailed in Algorithm[I] The remaining forward logic, including padding, residual connections, and
feed-forward operations, follows the structure illustrated in Figure[T|(b). Given an input feature F;,,,
and auxiliary feature F,; from ETB, the process of LBi-ML can be expressed as:

Flbm. - Mrms (Mlbm(an + Faf)) + an (22)
where My, (+) refers to the LBi-Mamba.
Fout = Mrms (Mffn (Flbm)) + Flbm7 (23)

where F,,; is the output of the LBi-ML.
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Algorithm 1 Forward of LBi-Mamba
RBX CxHXW

Require: F;, €

Ensure: F,,;
I: F+ Fi, + Foy

F < P;,(F) {linear proj. for scan/skip}

(x,2z) < Split(F)

Segment: reshape x into {x(9) }?:1

Build single bidirectional sequence: % < [x,rev(x) |

% « ConviD(X); (AL, B, C) « Pyan(X)

y  SelectiveScan(%k, At, A, B, C,D) {one pass over fwd+rev}

Recover order: splity = [y_,,y«]; y« « rev(y-); interleave/concat to match segments
9: Fout + Pout([yv ZD

10: return F,,;

, auxiliary F o f, group number G, sequence length L = H - W

PRDIUN R

Complexity note: selective-scan over X is O(L-C); P;in/Pous are O(L-C'); grouping and flips are linear in L
with small constants.

Algorithm 2 Forward Pass of Cross Attention

Input: Input feature F;,,, Auxiliary feature F ¢
Qutput: Output feature F,,,;
: Extract key and value: [k, v] + DFE(F;;,)
Extract query: q <— DFE(F,y)
Partition q, k, v into windows of size (wg, ww)
for all each window do
Normalize: q < Norm(q), k < Norm(k)
Compute attention logits with relative bias:

A A A

q-k”

scale

att =

Compute attention weights: att < softmax(att)
Attend to values: o + att - v
end for
Merge windows and apply projection: F,,,; < Proj(o)
return F',;

—_——
T e ®A

A.6 CROSS ATTENTION LAYER

The Cross-Attention Layer (CAL) is designed to adaptively fuse query features from transformer
path and key-value features from mamba path under a windowed attention scheme. CAL consists
of three main components: Cross Attention (CrA), RMSNorm, and DW-SwiFFN. The above ratio
policy applies to ETL. By contrast, CAL uses a fixed 8 x8 window.

The core component of this module is the CrA operation, whose attention process is detailed in
Algorithm 2] The rest of the forward computation, including image padding, residual connections,
and the feed-forward module, follows the layout shown in Figure 1 (c).

Given an input feature F;, and an auxiliary cross-path feature F,y, the process of CrA-based
attention-enhanced Block can be expressed as:

Fcal = Mrms(Mcra(Fina Faf)) + Fin7 (24)

where M., (+) refers to the CrA module, and M,.,,,s(-) denotes the RMS normalization layer.

Fout = Mrms (Mffn (Fcra)) + Fcra7 (25)

where F,,,; is the final output feature from the CAL Block.
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A.7 Loss FUNCTION

Similar to most lightweight super-resolution models, we employ the ¢; loss to supervise network
training. Let Iggr denote the super-resolved image predicted by the network and Iy R the corre-
sponding highFLP-resolution ground truth. The loss function is defined as:

Ly = ||Isg — Iurlh (26)

This formulation encourages pixel-wise consistency and facilitates stable convergence during train-
ing.

A.8 INFORMATION AGGREGATION CAPABILITY ANALYSIS

As illustrated in the Figure [5] we compare the Local Attribution Maps (LAM) and Informative
Areas (Info. Area) of several models, including SRFormer, MambalR, HiT-SR, CATANet, and
DPMFormer .

Analysis of the First Region, it is evident that the LAM of MambalR is primarily concentrated
around the target region, indicating a strong focus on local information aggregation. In contrast,
HiT-SR and DPMFormer exhibit broader LAM activations, suggesting an enhanced ability to cap-
ture long-range dependencies and contextual features. Notably, the LAM response of DPMFormer
is not only extensive but also demonstrates higher intensity and more precise coverage of both the
target and its relevant contextual regions compared to HiT-SR. In the visualization of informative
areas, HiT-SR and DPMFormer both present larger, more uniformly distributed high-response ar-
eas, indicating better identification and aggregation of target-related pixels. However, DPMFormer
stands out by exhibiting the widest and most coherent informative area among all models, highlight-
ing its superior capacity for comprehensive information integration. In comparison, the informative
areas of MambalR and SRFormer remain relatively limited and concentrated.

Analysis of the Second, similar patterns can be observed in other target regions. DPMFormer con-
sistently delivers the most extensive and continuous informative areas, efficiently encompassing the
target and its contextual surroundings. This enables DPMFormer to achieve a more holistic percep-
tion of complex textures and structural details, surpassing the performance of HiT-SR, which, is less
effective in integrating global contextual information to the same extent. CATANet and SRFormer
achieve moderate coverage, balancing local and global information, but their ability to aggregate
information in complex scenarios is evidently inferior to DPMFormer.

In summary, DPMFormer demonstrates the most advantageous information aggregation capability
across all examined regions. Its extensive, high-intensity LAM activations and the largest, most co-
herent informative areas clearly surpass those of other models—including HiT-SR—allowing DPM-
Former to fully exploit long-range dependencies and intricate structural cues. This ultimately leads
to superior performance in super-resolution reconstruction, especially in scenarios that demand rich
contextual integration and accurate detail recovery. By contrast, while HiT-SR also shows strong
aggregation abilities, it does not reach the same level of coverage and precision as DPMFormer.
MambalR, CATANet, and SRFormer, which rely more on local features.

A.9 COMPARATIVE ANALYSIS OF TEXTURE DETAIL RESTORATION

According to the output feature visualizations of each branch in Figure[6] a clear distinction can be
observed between the ETB and the MCB in their capability to recover texture details.

Texture Representation of ETB. The ETB is specifically designed to enhance the representation
of fine-grained textures and local structural details. As seen from the first to the fourth ETB output
features, this branch consistently preserves high-frequency information and subtle texture variations.

The features generated by ETB retain sharp edges and intricate patterns, closely approximating the
structural details of the original image. This is particularly evident in regions with rich textures or
complex patterns, where ETB maintains clarity and continuity, effectively avoiding over-smoothing.

Texture Representation of MCB. In contrast, the MCB focuses on capturing broader contextual
information and semantic structures. The output features of the MCB exhibit a more homogeneous
and smoothed appearance, which helps in modeling global spatial relationships but often results in
a loss of fine texture details.
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Figure 6: Comparison of texture detail restoration capabilities between ETB and MCB.

While the MCB provides robust contextual understanding and stabilizes the overall image structure,
it tends to suppress local texture fluctuations. Consequently, MCB may fail to recover subtle details
in highly textured regions, leading to a relatively smoother reconstruction.

In summary, ETB demonstrates a clear advantage in restoring fine texture details and preserving
local structures, making it particularly effective for super-resolution tasks requiring high-frequency
detail recovery. MCB, on the other hand, excels at maintaining global consistency and suppressing
noise, but may not be as effective as ETB in recovering intricate textures. The combination of ETB
and MCB leverages the strengths of both branches: ETB contributes sharpness and texture fidelity,
while MCB ensures semantic coherence and stability across the image.

A.10 ENHANCEMENTS ACHIEVED BY DPMFORMER

Figure [7] illustrates how DPMFormer enriches a variety of low-resolution (LR) inputs. For each
split image, the left side reproduces the LR content (up-scaled only for display), while the right side
shows the result obtained with DPMFormer.

Linear-Structure Enhancement. Straight edges such as building contours, window mullions, and
bridge columns are precisely reconstructed. This is evident in “img-022”, where roof finials and
masonry joints regain geometric sharpness, and in “0814”, where the observation deck’s curvature
and vertical supports are rendered without aliasing.

Text and Line-Art Enhancement. Thin strokes, lettering, and comic outlines become crisp and
continuous. In “comic”, facial lines and patterned garments recover clear tonal boundaries, while in
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Figure 7: Visual comparison between bicubic-interpolated LR inputs (left in each pair, for reference
only) and the proposed DPMFormer outputs (right). DPMFormer delivers markedly sharper edges,
richer textures, and fewer artifacts across cartoon, architectural, night-scene, and natural imagery.

“Shimattelkouze_vol26” character outlines, screen-print textures, and facial expressions are sharply
reinstated.

Fine Texture and Pattern Enhancement. High-frequency details, bricks, floral petals, ornamental
carvings are faithfully restored. “0826” shows brush-stroke fidelity and multicolor carvings on a
Chinese gate; “000636” reveals individual cherry-blossom petals with smooth gradients; “000042”
and “001237” exhibit well-defined brick patterns, rooftop edges, and stone textures, all while pre-
serving global symmetry.

Across these diverse scenes, cartoons, cultural landmarks, night skylines, and natural imagery, DPM-
Former consistently restores high-frequency details, sharp contours, and faithful textures that are
either lost or severely blurred in the original LR frames.
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A.11 MORE COMPREHENSIVE EFFICIENT ANALYSIS

We further provide a more comprehensive and in-depth comparison across models efficient. In the
main paper, we already report the number of parameters, MACs, and inference time. Here, we ad-
ditionally compare the throughput and average allocated GPU memory of different models. Specit-
ically, we benchmark SwinIR-L, SRFormer, HiT-SRF, CATANet, and MambalRv2, and summa-
rize the results in Table 8] We also include several larger image restoration (IR) models for refer-
ence (Zamir et al., [2022; |Shi et al., 2025). Note that Restormer does not provide a super-resolution
(SR) variant, for a fair comparison, we remove its up- and down-sampling modules so that its back-
bone is aligned with the SR setting.

Table 8: Comparison of throughput and memory allocation (Mem. Alloc.) with SOTA models when
super-resolving 1280x720 images at a 2x upscaling on a RTX 4090. 1 and | indicate that higher
and lower values are better, respectively.

Method Params (K) MACs (G) FLOPs (G) Throughput (img/s) T Mem. Alloc. (MB) |
Restormer 26,127 544.5 1089.0 0.41 107.10
VMambalR 10,498 881.6 1763.1 1.19 93.75
SwinIR 910 244.4 488.9 0.31 74.46
SRFormer 853 236.2 4724 0.27 72.34
HiT-SRF 847 226.5 452.1 2.35 58.58
CATANet 477 164.6 329.3 0.70 55.13
MambalRv2 774 286.3 572.6 0.89 58.52
DPMFormer 826 179.2 358.4 2.24 57.12

Table [§] reports the model complexity and runtime characteristics of our DPMFormer against re-
cent SR baselines. The upper part of the table contains high—capacity models, while the lower part
focuses on lightweight designs with fewer than 1M parameters. DPMFormer uses only 0.83M pa-
rameters, which is 31.6x smaller than Restormer and 12.7x smaller than VMambalR. In terms
of computation, our model requires 179.2G MACs, reducing FLOPs by 3.0x and 4.9 relative to
Restormer and VMambalR, respectively. Despite the much smaller budget, DPMFormer achieves a
throughput of 2.24 img/s, which is 5.5 higher than Restormer and 1.9x higher than VMambalR,
while also cutting the peak memory allocation by roughly 50 MB and 37 MB, respectively.

Within the lightweight regime, DPMFormer attains a very favorable trade-off between computation
and speed. Compared to SwinlR and SRFormer, our model uses a similar number of parameters but
reduces FLOPs by about 25%-30%, and yet improves throughput by 7.2x and 8.3 x, respectively,
while also requiring 15-17 MB less memory. CATANet has slightly lower MACs, but its through-
put is only 0.70 img/s, DPMFormer is 3.2x faster at a comparable memory footprint. Relative to
the stronger Mamba-based baseline MambalRv2, DPMFormer decreases FLOPs by 1.6, achieves
2.5x higher throughput, and uses a similar amount of memory. Finally, compared with HiT-SRF,
which is the fastest baseline, DPMFormer attains comparable throughput while cutting FLOPs by
about 20% and keeping memory usage almost unchanged.

Overall, DPMFormer delivers competitive or superior runtime efficiency under a strict parameter and
FLOP budget, it achieves heavy-model throughput with two orders of magnitude fewer parameters,
and consistently outperforms prior lightweight SR networks in the joint space of MACs, throughput
and memory allocation.

A.12 ADDITIONAL DEGRADATION

A.12.1 SINGLE IMAGE DEHAZING

Experimental setup. To further assess the generalization ability of DPMFormer beyond bicu-
bic super-resolution, we adapt our model to single-image dehazing on the RESIDE [ bench-
mark (Li et al.}2019). Unless otherwise stated, we follow the same optimization settings as in the
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Table 9: Comparison of DPMFormer with representative single-image dehazing methods on the
SOTS (Outdoor) subset.

SOTS (Outdoor)

Method Source Perceptual Distortion
FID{ LPIPS, PSNRT SSIMt
AOD-Net (Li et al., 7.' ICCV’17  29.13  0.0639 19.66  0.8152
MSCNN-HE (Ren et al.[[2020) ICcv20 28.81  0.0458 2046  0.8389
LD-Net (Ullah et al.}[2021 TIP’21 39.16  0.0749 21.94  0.8539
SG-Net (Hong et al.} 2023 ACCV’22 2301 0.0493 25.21 0.9234
SDA-GAN (Dong et al.;,[2023 TCyb’23 1544  0.0395 29.77  0.9556
RI-SCNN-Large (Zhang et al.,[2025b) ~ TNNLS’24  10.69  0.0207 29.02  0.9490
DPMFormer (Ours) - 10.22  0.0277 29.35 0.9618

Hazy GT DPMFormer (Ours) Hazy GT DPMFormer (Ours)

Hazy GT DPMFormer (Ours) Hazy GT DPMFormer (Ours)

Figure 8: Qualitative dehazing results on SOTS (Outdoor). For each scene we show the hazy input,
the ground-truth clear image, and the output of DPMFormer.

main super-resolution experiments, but change the learning rate to 2 x 10~* and replace the ¢, loss
with an ¢ reconstruction loss. We directly reuse the 4x SR configuration of DPMFormer without
any architectural modification, and train the network on the Outdoor Training Set (OTS) of RESIDE,
while evaluating on the Outdoor subset of SOTS. Training is performed for 20,000 iterations, and
the learning rate is halved every 5,000 iterations.

Baselines and metrics. We compare our dehazing variant of DPMFormer with several represen-

tative CNN- and GAN-based methods, AOD-Net [2017), MSCNN-HE [2020),
LD-Net [2021), SG-Net 2023), SDA-GAN 2023), and the re-
cent retina-inspired spiking CNN RI-SCNN-Large (Zhang et all,[2025b)). Following recent dehazing
literature, we report both perceptual quality metrics, FID and LPIPS and distortion-oriented mea-
sures, PSNR and SSIM.

Results. As summarized in Table @ our DPMFormer achieves the best FID and PSNR on SOTS-
Outdoor, and also attains the highest SSIM among all competitors, despite being originally designed
for super-resolution rather than dehazing. Compared to classical supervised CNN baselines, DPM-
Former substantially improves both perceptual quality and distortion metrics, especially in terms of
FID and SSIM, indicating fewer artifacts and better structural consistency. Relative to recent GAN-
or spiking-based approaches, our model delivers competitive or superior perceptual scores while
slightly surpassing them in PSNR/SSIM, showing that the proposed dual-path Mamba—Transformer
design transfers well to haze removal without task-specific architectural tuning.
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Table 10: Comparison of DPMFormer with representative LLIE methods on LOL-v2-real. Best
results are highlighted in bold and the second best are ifalic.

LOL-v2-real
Method Source  pMSE|  LPIPS, PSNRT  SSIM{
Retinex-Net (Wei et all2018) ~ BMVC’18 2021 0436 1641  0.640
MIRNet (Zamir et al.; 2020) ECCV’20 1203 0250 2036  0.782

Retinexformer (Cai et al.}[2023)  ICCV’23 8.35 0.131 21.23 0.838
MambalR (Guo et al.,2025b) ECCV’24 9.33 0.258 21.25 0.831

DPMFormer (Ours) - 9.34 0.221 21.28 0.860

Qualitative analysis. Fig. [8] further illustrates the dehazing behaviour of DPMFormer on sev-
eral outdoor scenes. In the first example, our method effectively removes the global veiling effect,
recovers the contrast between buildings and vegetation, and produces sky colors that are close to
the ground truth without introducing over-saturation. Thin structures such as window frames and
bridges are clearly visible, showing that the model can recover high-frequency details instead of
simply brightening the image.

In the second and third scenes, haze density varies significantly with depth. DPMFormer is able to
clean distant buildings and the horizon while keeping nearby regions visually consistent, leading to
depth-aware restoration, foreground objects remain natural, and the background no longer appears
washed out. This indicates that the proposed dual-path design can handle long-range dependency
and spatially varying degradation at the same time.

The last example highlights color fidelity. Our reconstruction removes the greenish and grayish cast
from the hazy input and restores neutral road colors and realistic facade textures, closely matching
the ground truth. Across all four scenes, DPMFormer produces sharp edges, clear textures and natu-
ral colors, with no obvious ringing or halo artifacts, confirming that the model generalizes well from
super-resolution to haze removal in real images.

A.12.2 REAL WORLD LOW-LIGHT IMAGE ENHANCEMENT

Experimental setup. We further assess the generalization ability of DPMFormer on low-light im-
age enhancement (LLIE). Unless otherwise stated, we follow the same training protocol as in the
main x4 SR experiments, we keep the AdamW optimizer and the ¢; reconstruction loss, reset the
learning rate to 2 x 10~*, and fine-tune the x4 SR model directly for the LLIE task. We use the
LOL-v2-real dataset (Chen et al.,|2021b)) with the official training, testing split, train the model for
20,000 iterations, and halve the learning rate every 5,000 iterations.

Baselines and metrics. We compare DPMFormer with four representative supervised
LLIE approaches, Retinex-Net (Weietal.,[2018), IRNet (Zamir et al.,2020), Retinex-
former (Cai et al.} 2023), and MambalR (Guo et al.,[2025b). As shown in Table DPMFormer
achieves the best PSNR and SSIM, while maintaining competitive perceptual scores, RMSE and
LPIPS. In particular, our model slightly improves PSNR over both Retinexformer and MambalR
and yields the highest SSIM, indicating that the proposed dual-path design transfers well from SR
to illumination correction without any task-specific architectural change.

Qualitative analysis. Qualitative examples in Fig. Ol further support the numerical gains. On the
indoor archery scene, DPMFormer not only recovers the overall illumination, but also reconstructs
sharp edges on the posters and equipment without amplifying noise in the dark background. On
the outdoor corridor, our method suppresses heavy shadows and reveals structures on the floor and
walls, while keeping the color of the light patches close to the ground-truth image. These results sug-
gest that the interaction between the Mamba-based global branch and the Transformer-based local
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Figure 9: Qualitative LLIE results on LOL-v2-real. Our model restores global brightness while

preserving local contrast and fine textures.

Table 11: Quantitative analysis of the dual-path fusion and its components on x2 SR.

Method Params (K) Set5 Setl4 B100 Urban100 Mangal09

CPT 942 38.16/0.9608  33.97/0.9209  32.33/0.9012  32.84/0.9341 39.22/0.9782
CPM 1073 38.15/0.9611  33.93/0.9205 32.29/0.9013  32.88/0.9347  39.26/0.9778
DPMT 831 38.24/0.9613  34.01/0.9213  32.36/0.9018  33.14/0.9374  39.41/0.9786
DPM 822 38.16/0.9610  33.96/0.9209 32.35/0.9018  33.04/0.9361 39.28/0.9784
DPMFormer 826 38.29/0.9618  34.12/0.9219  32.40/0.9027  33.29/0.9382  39.54/0.9792

branch is able to handle both large-scale illumination imbalance and fine-grained texture restoration
in challenging low-light scenes.

A.13 STRUCTURE AND COMPONENT ANALYSIS

A.13.1 QUANTITATIVE ANALYSIS OF THE DUAL-PATH DESIGN

To demonstrate the complementarity between the two paths and to isolate the effects of CAL and
IEB, we construct several controlled variants. First, we build a pure Transformer baseline (CPT) by
stacking four ETBs, and a pure Mamba baseline (CPM) by stacking four MCBs; both are tuned to
have a similar parameter budget to DPMFormer. Second, we derive two IEB-free dual-path variants
from DPMFormer: DPMT replaces the ETB—CAL feature extractor with a single linear projection,
while DPM further removes the Transformer tokens from the cross-attention and replaces CAL with
a vanilla windowed MHSA. All models are trained under the same setting on x2 SR over the five
standard benchmarks.

As shown in Table [Tl the dual-path variants consistently outperform the single-path baselines un-
der a comparable parameter budget. Both CPT and CPM trail behind the dual-path models on all
benchmarks, confirming that combining Mamba and Transformer is beneficial rather than redun-
dant. DPMT and DPM, which remove IEB and partly simplify CAL, already improve over CPT
and CPM, but DPMFormer achieves the best PSNR/SSIM on all five datasets while using a similar
number of parameters. The gains are particularly pronounced on Urban100 and Mangal09, where
complex structures and repeated patterns put more stress on the global-local fusion. These results in-
dicate that the dual-path fusion is genuinely useful, and the proposed CAL, IEB design is not a trivial
stacking of Mamba and Transformer blocks, but a more effective multi-way interaction mechanism.

We further examine optimization behaviour in Fig.[10} which plots the evolution of validation PSNR
and gradient norms over 10° iterations for DPMFormer, DPMT, and DPT. DPMFormer not only con-
verges to the highest PSNR, but also reaches strong performance earlier and maintains a consistent
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Figure 10: Training dynamics of DPMFormer and its IEB-free variants on x2 SR. Left: validation
PSNR versus training iterations. Right: ¢; gradient norm versus iterations. All models are trained
under identical settings.
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Figure 11: Comparison more details between first ETB and MCB.

margin over the two ablations throughout training. On the right, DPT and DPMT exhibit larger gra-
dient spikes in the early iterations, whereas DPMFormer shows more moderate peaks and stabilizes
faster, with smaller fluctuations in the later stage. This suggests that the full CAL and IEB coupling
yields a better-conditioned optimization landscape, IEB provides a structured information flow be-
tween paths, and CAL injects Transformer features into the Mamba stream at well-chosen locations,
which together regularize gradients and facilitate efficient learning. These dynamics again support
our claim that DPMFormer is more than a simple Mamba and Transformer juxtaposition, and that
the proposed dual-path interaction scheme is both effective and well grounded.

A.13.2 VISUALIZATION ANALYSIS OF THE DUAL-PATH DESIGN

We conduct a more fine-grained analysis of the Layers within each ETB and MCB. For every Block,
we visualize the PCA projection of each Layer and statistically summarize the information in these
plots. the results for the MCB and ETB are shown in Fig.[[T] Fig.[[4] Fig. 7 Fig. 2O

Shallow-layer behaviour. Fig. [[1] disentangles the roles of the three layer types in Block 1. The
ETL features in the local-detail path exhibit sharp, dense responses along the radial beams and sup-
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Figure 12: Normalized quantitative statistics for the first ETB and MCB.

porting structures of the tower, indicating strong sensitivity to local edges and textures from the
very first block. In contrast, the LBi-ML layers in the global-context path produce much smoother
activations with weak contrast, retaining only coarse information about the dominant directions and
overall silhouette. The CAL layers operate on top of these LBi-ML outputs, injecting cross-branch
modulation but still yielding comparatively soft responses; their feature maps accentuate intersec-
tions of rays and tower boundaries slightly more than the preceding LBi-ML layers, yet remain far
less edge-enhanced than ETL.

The quantitative statistics as shown in Fig. [I2] corroborate this qualitative picture. Across all six
depths, the ETL layers consistently achieve higher spatial variance than both LBi-ML and CAL, re-
flecting stronger spatial contrast and more pronounced edge activations. When examining the HF/LF
ratio, LBi-ML layers maintain a remarkably low and stable high-frequency content , showing that
they encode predominantly low-frequency structure. CAL layers further suppress or only mildly
boost this high-frequency energy, e.g., a slight increase at Layer 3, confirming that their main role is
to reweight and redistribute information from the other branch rather than to generate new high-fre-
quency details. Channel correlation in the global-context path stays moderately high for both LBi-
ML and CAL, indicating relatively redundant channels that share similar global patterns, whereas
ETL channels become increasingly decorrelated with depth as they specialise in different local di-
rections. Sparsity remains in a medium range for all three layer types, but ETL tends to be more
sparse at intermediate depths, concentrating activations on a subset of salient rays, while LBi-ML
and CAL keep weak but widespread responses that preserve the global scaffold.

Taken together, in the shallowest block the ETL layers act as the primary high-frequency extrac-
tors, capturing fine-scale edges and textures, whereas LBi-ML layers build a smooth low-frequency
backbone and CAL layers modulate this backbone via cross-attention.

Effective receptive fields at Block 1. Fig. [[3] visualizes normalized effective receptive fields
(ERFs) for all layers in Block 0 on an image with strong radial structures. The top row corresponds
to the global-context path, where even-indexed layers are LBi-ML and odd-indexed layers are CAL.
The bottom row shows ERFs of the local-detail path composed of ETL.
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Figure 13: Block 1 ERF visualization for LBi-ML, CAL, and ETL.

The ERFs of LBi-ML layers are broad and diffuse. Activations spread along entire rays from the
centre towards the image boundary with relatively uniform intensity, and there is little evidence of
sharp peaks. This pattern indicates that LBi-ML aggregates information over long, directional tra-
jectories and encodes global geometric structure rather than isolated local edges. The wide support
and smooth profiles are consistent with the state-space formulation, where evidence is propagated
along the scan direction to build a coherent global scaffold.

In CAL layers inherit the wide support of the preceding LBi-ML ERFs but introduce mild reweight-
ing. Their ERFs slightly accentuate intersections around the tower and certain beam crossings, while
maintaining a generally smooth response elsewhere. Compared with LBi-ML, CAL does not create
new localized peaks; instead, it acts as a modulation mechanism that redistributes global-context
features conditioned on the information coming from the other branch. This behaviour supports the
view of CAL as a cross-branch gating layer rather than an additional high-frequency extractor.

In contrast, ETL ERFs are more concentrated and anisotropic. High responses tightly follow the
radial beams and tower edges, and the background is strongly suppressed, producing sharper and
more localized patterns than those of LBi-ML or CAL. Across depth, ETL ERFs become increas-
ingly selective around salient lines and corners, demonstrating that the local-detail path focuses on
fine-scale structures and high-frequency content already in Block 0.

The ERF shapes reveal a clear division of labour at the shallow stage, LBi-ML layers construct
a smooth, globally coherent scaffold, CAL layers modulate this scaffold through cross-branch at-
tention with only mild localization, and ETL layers provide sharply peaked, edge-aligned ERFs.
This supports our design intuition that high-frequency details are initially captured by the Trans-
former-based local path, while the Mamba-based global path concentrates on long-range geometry,
preparing the ground for deeper blocks where CAL progressively injects detailed evidence into the
Mamba states.

Mid-shallow behaviour. Fig. [[4lexamines Block 2, where features from the first ETB and MCB
have already undergone one round of interaction. The ETL layers in the local-detail path still pro-
duce sharp, edge-aligned responses along the beams and tower structure, but the activations become
more structured and slightly sparser than in Block 1, concentrating on structurally important rays
rather than all high-contrast pixels. In the global-context path, the LBi-ML layers now exhibit notice-
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Figure 14: Comparison more details between second ETB and MCB.
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Figure 15: Normalized quantitative statistics for the second ETB and MCB.

ably higher contrast than in the shallowest block: responses follow the main directions of the beams
and begin to emphasise the tower silhouette, indicating that the Mamba stream has started to absorb
high-frequency cues. The CAL layers sit between successive LBi-ML layers and further refine these
patterns, compared with the preceding LBi-ML outputs, CAL feature maps more strongly highlight
beam intersections and edges around the tower while attenuating less relevant regions, evidencing
cross-branch modulation driven by information coming from ETL.

The quantitative statistics in Fig.[[3lsupport this interpretation. Spatial variance in LBi-ML and CAL
becomes comparable to, and in several layers slightly exceeds, that of ETL, showing that the global-
context path now contributes substantially to spatial contrast. The HF/LF ratios of LBi-ML layers
rise significantly compared with Block 1 and are higher than those of ETL at most depths, indicating
that high-frequency energy has been transferred into and amplified within the Mamba stream. CAL
layers typically exhibit HF/LF values between those of the surrounding LBi-ML layers and ETL:
they neither suppress high-frequency content as strongly as in Block 1 nor dominate it, suggesting
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Figure 16: Block 2 ERF visualization for LBi-ML, CAL, and ETL.

a gating role that selects which ETL-derived details should pass into the next LBi-ML. Channel
correlation in the global-context path remains moderately high but decreases with depth, reflecting
a gradual diversification of Mamba channels, while ETL channels continue to decorrelate as they
specialise in distinct local patterns. Sparsity stays in a medium range for all three layer types; LBi-
ML becomes more sparse than in Block 1, and CAL typically exhibits the highest sparsity within
the global path, meaning it passes only a compact set of important responses to the following LBi-
ML. Taken together, Block 2 marks the stage where the Mamba-based path begins to share and
partially take over the high-frequency modelling previously dominated by ETL, with CAL acting as
a selective cross-attention gate between the two streams.

Effective receptive fields at Block 2. Fig.[16/shows the layer-wise ERFs in Block 2. Compared
with Block 1, LBi-ML ERFs become more anisotropic: in the first LBi-ML of this block, strong re-
sponses already track the dominant beams while still covering the full image, deeper LBi-ML layers
further strengthen the tower outline and a subset of structurally important rays, while background
regions are gradually attenuated. This indicates that the Mamba states now encode both long-range
geometry and non-negligible high-frequency detail.

CAL layers in Block 2 inherit the broad spatial support of the preceding LBi-ML ERFs but display
more pronounced, localised peaks at beam crossings and around the tower apex. From the first to the
last CAL within the block, these peaks become sharper and the surrounding regions become weaker,
revealing that CAL progressively focuses the global scaffold onto a few key locations. This be-
haviour is consistent with its role as a cross-branch attention module, CAL draws detailed evidence
from the ETL path and injects it into the Mamba stream at geometrically meaningful positions.

The ETL ERFs in Block 2 are more concentrated than in Block 1. Early ETL layers still respond
along many beams, but deeper ETLs restrict their support to a sparse set of dominant directions and
corners, with the background largely suppressed. Thus, while ETL continues to act as a high-fre-
quency extractor, its ERFs show that it now provides a thinner, more selective set of cues, which
CAL subsequently routes into the LBi-ML layers. Overall, Block 2 ERFs reveal the beginning of
a shift, ETL supplies refined local details, CAL filters and aligns them with the global geometry,
and LBi-ML starts to carry a detailed yet coherent representation that prepares the network for the
mid-deep and deep blocks.
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Figure 18: Normalized quantitative statistics for third ETB and MCB).

Mid-deep behaviour. Fig. [[7] analyzes the third block, where features have passed through two
rounds of ETB-MCB interaction. Compared with Block 2, the ETL features in the local-detail path
become noticeably more structured and sparse: in early ETL layers, activations still follow many ra-
dial beams, but deeper ETLs concentrate almost exclusively on the dominant directions and corners
of the tower, indicating that the Transformer branch now provides a compact set of high-frequency
cues rather than a dense edge map. In the global-context path, the LBi-ML layers at Block 3 ex-
hibit much stronger contrast than in the preceding block; their feature maps sharply highlight the
tower silhouette and several principal beams across the entire image, demonstrating that the Mamba
stream has evolved from a coarse scaffold into a detailed, yet globally coherent representation. CAL
layers sit between these LBi-ML layers and further refine the global pattern, relative to the preceding
LBi-ML outputs, CAL features enhance beam crossings and tower boundaries while attenuating less
relevant regions, showing that cross-branch attention is continually re-aligning Mamba states with
ETL-derived structure.
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Figure 19: Block 3 ERF visualization for LBi-ML, CAL, and ETL.

The quantitative trends in Fig. [I8] corroborate this picture. For spatial variance, the global-context
path (LBi-ML/CAL) achieves higher values than ETL in most layers, indicating that a large por-
tion of spatial contrast is now carried by the Mamba stream. The HF/LF ratios of LBi-ML and
CAL are also consistently high, with a sharp peak at Layer 5, while ETL reaches similarly high
values only at a few depths and remains lower elsewhere. This suggests that high-frequency energy
is no longer concentrated solely in the local branch: the Mamba-based path has become a major,
and in some layers dominant, high-frequency carrier. Channel correlation remains slightly larger for
LBi-ML/CAL than for ETL, indicating globally coherent but increasingly diversified channels in
the Mamba stream, while ETL channels continue to decorrelate as they specialise in distinct local
patterns. Sparsity is moderate for all three layer types, but ETL shows higher sparsity in deeper
layers, whereas LBi-ML/CAL maintain dense yet focused activations, consistent with the idea that
the global path now stores rich, high-energy details and the local path provides a thinner structural
mask.

CALs statistics fall between those of LBi-ML and ETL. Its spatial variance and HF/LF ratio are typ-
ically lower than the adjacent LBi-ML layer but higher than ETL at the same depth, while its sparsity
is often the largest within the global path. Together, these trends support the view of CAL as a se-
lective cross-attention gate, it filters a sparse subset of ETL’s high-frequency responses and routes
them into the next LBi-ML, where they are amplified and propagated along long-range Mamba
trajectories.

Effective receptive fields at Block 3. Fig.[[9]provides a layer-wise view of the ERFs in Block 3.
The first LBi-ML in this block exhibits a broad but clearly anisotropic ERF, strong responses align
with the main beams and the tower contour, yet the support still covers almost the entire image.
The second and third LBi-ML layers further sharpen these responses, their ERFs emphasise a subset
of structurally critical beams and the tower silhouette while progressively suppressing background,
showing that Mamba states now encode both long-range geometry and substantial high-frequency
detail.

CAL layers inherit the wide spatial support of the preceding LBi-ML ERFs but introduce more lo-
calised peaks around beam crossings and the tower apex. From the first to the last CAL in Block 3,
these peaks become sharper and the surrounding regions weaker, revealing an increasingly selective
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Figure 20: Comparison more details between fourth ETB and MCB.

Input LR

focus on geometrically important locations. This behaviour is precisely what our design intends:
CAL draws detailed evidence from the ETL branch and injects it into the Mamba stream only where
it aligns with the global scatfold.

The ETL ERFs in Block 3 are tighter and more selective than in Block 2. Early ETLs still respond
along several beams, but deeper ETLs restrict their support to a few dominant rays and corners, with
the rest of the image nearly inactive. Thus, ETL at this stage supplies a compact, edge-aligned signal
that CAL can gate into LBi-ML. Overall, Block 3 ERFs show that the network has reached a mid—
deep regime in which ETL acts as a sparse provider of structural cues, CAL as a geometry-aware
filter, and LBi-ML as the main carrier of globally consistent high-frequency details.

Deep-layer behaviour. Fig. 20 analyzes the deepest block, after three rounds of ETB-MCB in-
teraction. In the local-detail path, ETL feature maps have become extremely sparse and structured,
early ETL layers still respond along several beams, but deeper ETLs concentrate almost exclusively
on the tower silhouette and a few dominant directions, leaving most of the image nearly inactive.
This indicates that, by Block 4, the Transformer branch mainly provides a thin structural mask and
no longer carries dense high-frequency content. In contrast, the LBi-ML layers in the global-context
path now exhibit very strong contrast across the entire image, their feature maps sharply highlight the
tower outline and principal beams while suppressing background, showing that the Mamba stream
has evolved into the primary carrier of detailed but globally coherent information. CAL layers sit
between successive LBi-ML layers and refine these patterns, compared with the preceding LBi-ML
outputs, CAL features further emphasise beam crossings and tower boundaries and downweight
less relevant regions, revealing that cross-branch attention is still actively shaping where Mamba
allocates its high-frequency energy at the deepest stage.

The quantitative statistics in Fig. 21l make this shift explicit. In terms of spatial variance, the global-
context path strongly dominates ETL at all depths, its normalized variance grows from 1.02 to 1.73
from Layer 1 to Layer 6, whereas ETL only rises from 0.54 to 1.23. Thus, most spatial contrast and
edge strength now resides in the Mamba-based stream. The HF/LF ratios show a similar pattern,
LBi-ML/CAL layers maintain a pronounced high-frequency bias, while ETL stays in a low band ,
indicating that the Transformer path encodes mainly low- and mid-frequency structure at this stage.
Channel correlation for the global path lies between 0.21 and 0.18, consistently higher than ETL
(0.17 to 0.12), suggesting globally coherent but diversified Mamba channels, while ETL channels
are more decorrelated as they specialise in a few structural cues. Sparsity is high for both paths, yet
ETL tends to be slightly more sparse, whereas LBi-ML/CAL maintain somewhat denser activations,
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1879

1880

1881 consistent with the picture that the local branch has collapsed to a very selective structural mask,
1882 while the global path retains rich, high-energy detail.

1883

1884 Within this block, CAL’s statistics fall between those of LBi-ML and ETL. Its spatial variance and
105 HF/LF ratio are systematically lower than in the adjacent LBi-ML layers but higher than in ETL,
1oon  andits sparsity is often the largest within the global path. This combination, moderate variance, rel-

1an,  atively high HF/LF, and high sparsity, supports the interpretation of CAL as a deep, highly selective

1age  cross-attention gate, CAL picks a compact set of high-frequency signals from the ETL branch and

1ag0  injects them into the next LBi-ML at carefully chosen locations, preventing over-sharpening while
preserving global consistency in the Mamba representation.
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Figure 23: Overall layer-wise comparison across all blocks.

Effective receptive fields at Block 4. Fig. 22 provides a layer-wise view of the ERFs in Block 4.
The first LBi-ML layer in this block exhibits a broad yet strongly anisotropic ERF, high responses
align with the main beams and the tower contour across the full image, showing that Mamba states
simultaneously encode long-range geometry and strong edge information. Deeper LBi-ML layers
further sharpen these patterns; their ERFs emphasise a subset of structurally critical beams and the
tower silhouette while progressively suppressing the background, yielding a globally coherent but
highly focused representation.

CAL ERFs inherit the wide spatial support of the preceding LBi-ML but exhibit even more pro-
nounced local peaks around beam crossings, corners, and the tower apex. From the first to the last
CAL layer in Block 4, these peaks become sharper and the surrounding regions weaker, indicating
that CAL concentrates the global scaffold onto a small set of geometrically meaningful sites. This
behaviour is precisely in line with its intended role, CAL filters high-frequency evidence coming
from ETL and injects it into the Mamba stream only where it aligns with the global structure learned
by LBi-ML.

The ETL ERFs at Block 4 are tighter and more selective than in the preceding blocks. Early ETL
layers still respond along several beams, but the deepest ETLs restrict their support to a few domi-
nant rays and to the tower’s key edges, with most other locations nearly inactctive. Thus, in the final
block, ETL acts as a sparse provider of structural cues. CAL, with geometry-aware attention, de-
cides which of these cues are forwarded and LBi-ML serves as the main carrier of a dense, globally
consistent, high-frequency representation. Together, these ERFs confirm that by Block 4 the network
has reached a mature division of labour: the Transformer path supplies a compact structural prior,
CAL acts as a deep cross-branch gate, and the Mamba-based global-context path dominates both
spatial contrast and high-frequency detail in support of faithful super-resolution.
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Overall layer-wise trends across blocks. Fig. 23] summarizes the evolution of the four statistics,
spatial variance, channel correlation, HF/LF ratio, and sparsity, over all layers from the first to the
last block. The three curves correspond to the Transformer-based ETL layers (blue), the Mamba-
based LBi-ML layers (red), and the cross-attention CAL layers (yellow), allowing us to track how
the local-detail path, global-context path, and cross-branch modulation interact as depth increases.

In terms of spatial variance, the ETL curve exhibits relatively high values in the first block and then
stabilizes at a moderate level, reflecting strong edge contrast at shallow layers followed by a gradual
consolidation into a thin structural mask. By contrast, the Mamba curve starts with low variance
and grows steadily across blocks, eventually overtaking ETL in the mid-deep and deep layers. CAL
remains between the two, its variance is slightly above LBi-ML in the earliest layers of each block,
where it first reweights global features using local evidence, and then closely follows the Mamba
trend. This pattern confirms that spatial contrast is initially concentrated in the Transformer branch
and progressively migrates into the Mamba stream as the network deepens.

The HF/LF ratio reveals a similar shift in frequency preference. ETL maintains moderate high-fre-
quency content in early layers, consistent with its role as the initial edge and texture extractor, but its
HF/LF values do not increase substantially with depth. In contrast, the Mamba curve rises sharply
from the second block onwards and remains high in mid—deep and deep layers, showing that the
Mamba-based path becomes the dominant high-frequency carrier. The CAL curve starts low in the
first block, where it mostly relays global context, but develops pronounced peaks in later blocks that
nearly match the Mamba HF/LF ratio. These peaks indicate that CAL is not merely passing infor-
mation through, it acts as a frequency-aware gate that injects high-frequency cues from ETL into the
Mamba states at selected depths.

Channel correlation decreases with depth for all three curves, reflecting increasing specialisation of
channels. Nonetheless, LBi-ML and CAL retain slightly higher correlation than ETL, suggesting
that the global-context path encodes more coherent, shared structures across channels, while the
local-detail path diversifies more strongly into distinct orientation- and region-specific filters. This
is consistent with our interpretation of Mamba as a global scatfold that organises and propagates
information received from the Transformer branch.

Sparsity further clarifies the division of labour. The ETL curve shows relatively high sparsity in
deeper layers, indicating that the Transformer branch collapses to a compact structural prior that is
active only on a small subset of beams and contours. The Mamba curve maintains medium spar-
sity, consistent with dense yet focused activations that carry rich detail over the entire image. The
CAL curve often attains the highest sparsity among the three, especially in mid—deep layers where
its HF/LF ratio is also high. This combination of high HF/LF and high sparsity supports our de-
sign view of CAL as a selective cross-attention module: it picks a small number of high-frequency,
structurally aligned cues from ETL and injects them into the Mamba stream, rather than propagating
dense patterns.

Beyond Simple Stacking. Taken together, the above visualizations demonstrate that our model
is not a naive hybrid that simply stacks Mamba and Transformer layers, but a carefully structured
dual-path architecture with an emergent division of labour. Across blocks, feature maps, quantita-
tive statistics, and ERFs consistently show three distinct and complementary roles, (i) ETL layers
in the ETB act as the initial high-frequency extractor, producing sharp, edge-aligned responses at
shallow depth and gradually condensing into a sparse structural prior in deeper blocks, (ii) LBi-ML
layers in the MCB start as low-frequency, globally coherent scaffolds and progressively become the
main carriers of high- frequency, high-contrast information as depth increases, and (iii) CAL layers
serve as sparse, geometry- and frequency-aware cross-attention gates that selectively route ETL-de-
rived details into the Mamba stream at geometrically meaningful locations, rather than introducing
another generic attention block.
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Table 12: The impact of different window sizes on 2 x SR in Urban100.

Method Params MACs Urban100

Win=(4, 8, 16, 32, 48,64) 826K 179.2G  33.29/0.9382
Win=(8, 8, 8, 8, 8,8) 826K 172.8G  33.16/0.9372
Win=(64, 64, 64, 64, 64, 64) 827K 181.3G  33.19/0.9377
Win=(64, 48, 32, 16, 8,4) 826K 179.2G  33.24/0.9378

Table 13: Average runtime of different components in DPMFormer on an RTX 4090.

Components. ETB MCB IEB LBi-ML CAL ETL
Avg. Speed (ms) 102.75 54.15 6.65 4.34 496 17.13

This depth-dependent behaviour would not arise from a mere juxtaposition of Mamba and Trans-
former modules with similar functionality. Instead, the visual evidence reveals a coordinated, coarse-
to-fine reallocation of modelling capacity: high-frequency content is first captured locally by ETL,
then transferred and amplified along long-range Mamba trajectories through CAL, while ETL itself
collapses into a thin structural mask. The resulting representation in the deepest blocks is a globally
consistent, Mamba-dominated feature field enriched with selectively injected local details. These
observations provide a mechanistic justification for our design: the dual-path composition is rea-
sonable, each component assumes a clear, complementary role, effective, high-frequency modelling
shifts to the more efficient Mamba path at depth, in line with our efficiency results, and innovative,
the CAL-driven transfer of frequency content from a Transformer path into a state-space path is
qualitatively different from prior single-path Mamba or Transformer architectures.

A.13.3 IMPACT OF DIFFERENT WINDOW SIZES

We adopt a variable-window strategy in the ETB to progressively enlarge the local receptive field
across depth. To study its impact, we compare several window schedules under the same parameter
budget on x2 SR with Urban100, as reported in Table[I2] The default configuration Win=(4, 8, 16,
32, 48, 64) gradually increases the window size from shallow to deep ETL layers and achieves the
best accuracy with essentially the same parameters and MACs as the alternatives. Using a small and
fixed window (8.,8,8,8,8,8) slightly reduces MACs but leads to a clear drop in PSNR and SSIM, sug-
gesting that a too-local receptive field is insufficient for capturing large-scale structures in Urban100.
On the other hand, always using a large window (64,64,64,64,64,64) or applying a reversed sched-
ule (64,48,32,16,8,4) partially recovers performance but remains inferior to the progressive setting,
while also incurring comparable or higher MACs. These results indicate that gradually expanding
the ETB window along depth offers a favourable trade-off between local detail modelling and global
context aggregation.

For CAL, we keep a fixed 8 x 8 window rather than adopting variable windows, CAL already op-
erates on the global-context path and serves as a cross-branch gating module, so a moderate and
constant window size provides sufficient context for effective cross-attention while keeping the com-
putational cost stable.

A.13.4 RUNTIME OF INDIVIDUAL COMPONENTS

We further benchmark the runtime of each major component in DPMFormer to understand where
the computational bottlenecks lie. Table [13| reports the average latency of one forward pass for the
ETB, MCB, and IEB, as well as their internal building blocks, LBi-ML, CAL, and ETL, measured
on a single NVIDIA RTX 4090 under our default x2 SR validation setting.
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From Table [[3| the ETB is roughly 1.9x slower than the MCB, reflecting the fact that windowed
Transformer layers remain the dominant cost in the network. At the layer level, a single ETL takes
17.13 ms on average, which is about 3.9x and 3.5x slower than an LBi-ML layer (4.34 ms) and
a CAL layer (4.96 ms), respectively. This confirms that the Mamba-based global-context branch is
substantially more efficient than the Transformer-based local-detail branch, and justifies our design
choice of allocating more depth to the MCB while keeping the number of ETBs moderate.

The IEB introduces only 6.65 ms of overhead, which corresponds to about 4% of the combined
ETB+MCB latency. Given the performance gains observed in our ablations, this small runtime cost
is well justified: IEB enables effective information flow between the two paths without becoming a
computational bottleneck.

Overall, these measurements show that the proposed decomposition into ETL, LBi-ML and CAL
yields a favourable efficiency profile. Most computation is spent in a limited number of Transformer
blocks, while the majority of depth resides in lightweight Mamba and cross-attention layers, allow-
ing DPMFormer to enjoy strong performance with competitive runtime.

A.14 EFFICIENT ON 2K AND 4K IMAGE

Considering that Mamba-style state space layers scale linearly in both computation and memory
with respect to the sequence length, they are particularly attractive for ultra-high-resolution SR.
We therefore evaluate 2x upsampling on 2K and 4K inputs, using SRFormer, HiT-SRF, CATANet,
MambalRv2, and our DPMFormer on 100 images for each resolution. The efficiency results are
reported in Table 14l

Table 14: Efficiency of different SR models on 2K and 4K 2 super-resolution.

Method ImageSize MACs (G) FLOPs (G) Infer. Time (ms) T Mem. Alloc. (MB) |
SRFormer 2K 596.6 1139.1 5280 134.90
HiT-SRF 2K 551.3 1102.6 1235 119.33
CATANet 2K Out of Memory (OOM)

MambalRv2 2K 646.8 1293.6 2856 120.21
DPMFormer 2K 449.5 898.9 1556 43.86
SRFormer 4K 2278.3 4556.5 17048 459.89
HiT-SRF 4K 2186.3 4372.6 17668 442.06
CATANet 4K Out of Memory (OOM)

MambalRv2 4K 2587.1 5174.3 28099 445.20
DPMFormer 4K 1785.7 35714 6805 139.47

From Table [T4] we observe that DPMFormer consistently achieves the best trade-off between com-
putation, runtime, and memory footprint at both resolutions. On 2K inputs, DPMFormer reduces
MACs and FLOPs by roughly 18-30% compared with SRFormer, HiT-SRF, and MambalRv2, while
requiring only 43.86 MB of GPU memory, which is about 2.7x-3.1x smaller than the transformer
and Mamba baselines. Its inference time (1556 ms) is comparable to the high-throughput HiT-SRF
(1235 ms), and substantially faster than SRFormer and MambalRv2 (about 3.4x and 1.8x speed-ups,
respectively).

When scaling to 4K images, the advantages become more pronounced. DPMFormer maintains 20—
31% fewer MACs than the baselines and achieves the lowest memory usage (139.47 MB), yielding
about a 3x reduction over SRFormer, HiT-SRF, and MambalRv2. In terms of runtime, DPMFormer
runs 2.5-4.1 x faster than these models on 4K inputs, while CATANet runs out of memory at both 2K
and 4K resolutions. These results confirm that the proposed dual-path Mamba—Transformer design
scales more gracefully to ultra-high-resolution SR than purely transformer-based or Mamba-only
architectures.
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Figure 24: Visual impact of small PSNR differences.

A.15 PERCEPTUAL IMPACT OF SMALL PSNR CHANGES.

To put the PSNR margins reported in Section 4.3 into context, Fig. P4 illustrates how small PSNR
variations translate into visible differences on several high—frequency patterns. For each row, the
leftmost image shows the original HR image with a red ROI, the second column shows the bicubic
4x upsampled reference patch, and the remaining three columns apply progressively stronger mild
blurring such that the PSNR of the patch decreases by A0.05dB, A0.10dB, and A0.20 dB, respec-
tively. Here the symbol A denotes the PSNR change with respect to the same bicubic reference.
Across all four examples, even a reduction of AQ.05 dB already produces a visible loss of sharpness
when inspected at normal zoom. In the first row (text), the character edges become slightly fuzzy and
the stroke contrast decreases. In the second and third rows (building facades and grid structures), the
fine grooves and checkerboard-like patterns lose crispness and local contrast, and the regular lines
begin to merge. In the fourth row (cartoon-like texture), the wavy details gradually flatten out. At
A0.10 dB these effects become clearly noticeable: line structures are smeared, repeated patterns ap-
pear visibly washed out, and thin strokes in the text example start to collapse. By A0.20 dB, most
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of the high—frequency detail in the ROIs is largely destroyed and the patches look almost uniformly
blurred.

These examples show that PSNR differences in the range of 0.05-0.10 dB, especially on highly
textured or structured regions, correspond to perceptible quality changes rather than pure numerical
noise. This supports the relevance of the 0.05-0.10 dB gains reported by DPMFormer on challenging
datasets such as Urban100 and Mangal09.

ANONYMOUS CODE

For double-blind review, we provide an anonymized GitHub repository at https://
anonymous.4open.science/r/DPMFormer—BAA4, containing everything needed to re-
produce the paper’s results: source code, training/evaluation scripts, configuration files (covering
window sizes, ETB counts, per-stage channel widths and the ACLinear schedule C,+>Cy, CAL
window size, DW-SwiFFN ratio, and LBi-Mamba settings), data preparation utilities. Upon accep-
tance, we will de-anonymize the repository, add a license and long-term DOI/archival tag, and keep
the code and artifacts publicly available.

LARGE LANGUAGE MODEL USAGE STATEMENT

We used a large language model only for language editing (grammar/typo correction, style tighten-
ing, and minor phrasing for clarity). The LLM was not used to generate algorithms, experimental de-
signs, analyses, figures, tables, code, or claims. All technical content (methods, proofs/derivations,
experiments, metrics, and conclusions) was authored and validated by the authors, and every edited
sentence was reviewed by a human author for accuracy and scope. No proprietary or personally
identifiable data were provided to the LLM.
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