This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

LFTramba: Comprehensive Information Learning for Light Field Image
Super-Resolution via A Hybrid Transformer-Mamba Framework

Haosong Liu'*
Jianging Zhu!
! Huagiao University

Yifan Shi!

Xiancheng Zhu'*

2 Xiamen University of Technology

Huangiang Zeng"?"
Jing Chen! Junhui Hou?
3 City University of Hong Kong

{hsliu, xianchengzhu}@stu.hqu.edu.cn

{zeng0043, jgzhu, shiyifan, chenjing8005}@hqu.edu.cn

Abstract

Comprehensive exploration of information in complex 4D
Light Fields (LF) is crucial for advancing Light Field
image Super-Resolution (LFSR). Existing state-of-the-art
methods based on CNN or Transformer typically decom-
pose the 4D LF into 2D subspaces, limiting feature learn-
ing to specific aspects such as disparity cues or spatial-
angular correlations. Therefore, they exhibit deficiencies
in comprehensive subspace information integration and
insufficient cross-domain feature interaction. Moreover,
the potential of hybrid architectures that leverage mullti-
ple computational paradigms remains largely unexplored
in LFSR. To overcome these limitations, we propose LF-
Tramba, a novel hybrid network architecture that facilitates
collaborative learning across multiple subspaces through a
Transformer-Mamba framework. Specifically, the Spatial-
Angular Mamba Block (SAMB), built on an efficient vi-
sual state space representation, alternates between captur-
ing complementary spatial-angular features in the spatial
and angular domains. Concurrently, the Epipolar Plane
Transformer Block (EPTB) extracts disparity features alter-
nately from horizontal and vertical Epipolar Plane Image
(EPI) domains. Extensive experiments on real and synthetic
datasets confirm that LFTramba surpasses existing LFSR
methods while maintaining high computational efficiency.
Notably, it achieved 3rd in Track 1 and 5th in Track 2 of
the NTIRE 2025 Light Field Image Super-Resolution Chal-
lenge, highlighting its superior performance.

1. Introduction

LF photography [2] captures not only light intensity but
also directional information, enabling the reconstruction of
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Figure 1. Comparisons of the PSNR, FLOPs and parameters of

different LFSR methods.

comprehensive 3D scene representations. This capability
supports a wide range of applications, including refocusing
[14, 34, 53], depth estimation [15, 30, 52] and 3D recon-
struction [47]. The advent of portable LF cameras (e.g.,
Lytro and Raytrix) has significantly broadened the scope of
LF imaging applications. However, enhancing angular res-
olution in such devices often comes at the cost of spatial
resolution, thereby constraining their practical utility. As
a result, the development of efficient LFSR algorithms has
emerged as a key research focus.

This study focuses on enhancing the spatial resolution
of LF images. Existing approaches tackle this challenge
through various technical paradigms. Traditional methods
[3, 6, 28, 41] formulate LFSR as an optimization prob-
lem, leveraging disparity estimation for multi-view image
warping. However, these methods struggle to deliver robust
performance when applied to low-resolution LF data and
complex imaging scenarios involving occlusions and non-



Lambertian reflections [25], ultimately limiting their recon-
struction quality. In contrast, deep learning-based methods
have become the dominant paradigm by exploiting spatial-
angular features and disparity cues, with Transformer-based
architectures [7, 13, 20, 21, 33] surpassing CNN-based ap-
proaches [16, 23, 26, 32, 35, 36, 38, 44, 49, 50] and achiev-
ing state-of-the-art super-resolution performance.

Nevertheless, existing methods face critical challenges
in the holistic exploration and comprehensive learning of
LF information. First, most approaches are constrained
to single-domain learning, either capturing spatial-angular
features or extracting disparity features from the EPI do-
main. For instance, EPIT [21] is specialized in EPI domain
feature extraction, whereas LFT [20] and LF-DET [7] pri-
marily focus on spatial-angular analysis. This limitation
arises from the quadratic computational complexity inher-
ent to Transformer architectures, which restricts simultane-
ous modeling across all subspaces. Second, the synergistic
benefits of hybrid architectural paradigms in LFSR remain
largely underexplored. Notably, DistgEPIT [17], the cham-
pion of the inaugural NTIRE LFSR challenge [37], empiri-
cally validated the effectiveness of hybrid designs, demon-
strating their superiority in enhancing LFSR performance.

To address these limitations, we propose LFTramba, a
novel hybrid architecture that combines the linear compu-
tational efficiency of Mamba with the global modeling ca-
pability of Transformer to enable comprehensive subspace
feature learning. Due to the considerably longer unfold-
ing sequence lengths in the spatial-angular domain, we
employ Mamba blocks with selective state space for effi-
cient linear complexity processing. In contrast, the com-
pact sequences in the EPI domain, which exhibit critical
long-range dependencies, are better suited for self-attention
driven Transformer modules. Specifically, we first em-
ploy the Light Field Mamba Block (LFMB) to construct
the Spatial-Angular Mamba Block (SAMB), enabling com-
plementary information extraction in both spatial and an-
gular domains. The LFMB integrates the Effective Vi-
sual State Space (EVSS) module with the channel atten-
tion mechanism, enhancing feature discrimination through
spatial and channel path information interactions. Subse-
quently, the Epipolar Plane Transformer Block (EPTB) pre-
cisely captures disparity-sensitive features in the EPI do-
main, enhancing fine-structure recovery. Notably, the out-
put features from SAMB serve as an intermediate repre-
sentation that guides and supplements the EPTB, ensur-
ing that the disparity-aware modeling benefits from en-
riched spatial-angular context. This interconnection fa-
cilitates an information flow wherein SAMB provides ro-
bust low-level spatial-angular priors, while EPTB refines
them through domain-specific epipolar reasoning. Finally, a
cross-domain fusion module hierarchically integrates multi-
subspace features, promoting complementary feature aggre-
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gation across domains. As shown in Fig. 1, our method
achieves comparable reconstruction accuracy in the low-
parameter LFTramba-tiny, while the higher-parameter LF-
Tramba further optimizes non-local spatial-angular corre-
lation modeling and demonstrates enhanced robustness in
large disparity scenarios.

In summary, the contributions of this paper are as fol-
lows: (1) We introduce LFTramba, a hybrid architecture
combining Transformer and Mamba, to jointly model spa-
tial, angular and disparity information across all LF sub-
spaces. (2) We design the efficient SAMB for learning com-
plementary spatial-angular features and propose the EPTB
for extracting intrinsic disparity information, highlighting
the beneficial role of spatial-angular features in disparity re-
covery. (3) Extensive experiments on public datasets con-
firm that LFTramba surpasses state-of-the-art methods in
both reconstruction accuracy and computational efficiency.
Moreover, it achieved 3rd place in Track 1 and 5Sth place in
Track 2 of the NTIRE 2025 LFSR Challenge.

2. Related Work

LFSR aims to reconstruct high-resolution 4D LF structures
from low-resolution sampling, with the primary challenge
lying in simultaneously enhancing spatial detail fidelity and
cross-view consistency. Existing research methodologies
are broadly categorized into traditional methods and deep
learning-based methods.

2.1. Traditional Methods

Traditional LFSR methods can be categorized into depth-
dependent and depth-independent approaches.  Depth-
dependent approaches primarily focus on scene dispar-
ity/depth estimation and optimization frameworks: Bishop
et al. [3] established a variational Bayesian inference
framework that enhances view consistency through depth
map recovery with Lambertian and texture-preserving pri-
ors. Wanner et al. [41] constructed local disparity models
via EPI domain analysis, while Rossi et al. [28] optimized
geometric reconstruction through graph regularization con-
straints. Depth-independent approaches employ data-driven
strategies: Cho ef al. [6] developed sparse representation
dictionary learning for SAI super-resolution, Alain et al.
[1] designed frequency-domain filtering to suppress ring-
ing artifacts, and Boominathan et al. [4] proposed a hy-
brid imaging system integrating low-resolution LF cameras
with high-resolution DSLRs. While these traditional meth-
ods demonstrate strong physical interpretability, they inher-
ently suffer from accumulated depth estimation errors and
limited generalization capabilities in complex scenarios.

2.2. Deep Learning-based Methods

Leveraging the powerful representational capacity of mod-
ern neural networks, deep learning-based LFSR approaches
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Figure 2. (a) The network architecture of the proposed LFTramba; (b) Illustration of the proposed Spatial-Angular Mamba Block (SAMB);
(c) Ilustration of the proposed Epipolar Plane Transformer Block (EPTB).

have achieved remarkable progress. = CNN-based ap-
proaches were initially adapted to LFSR to learn local
spatial-angular features for reconstruction enhancement:
Yoon et al. [45] and S. Zhang et al. [49] exploited lo-
cal spatial-angular features among adjacent views through
basic CNNs. Subsequent advancements include Yeung et
al.’s 4D convolution framework [44], Jin et al.’s multi-view
fusion mechanism [16] and Wang et al.’s spatial-angular
decoupled interaction networks [35, 38] for multidimen-
sional feature modeling. Recent advancements, including
Van Duong et al. [32], Yu et al. [46] and Zou et al. [55],
have further improved feature extraction and reconstruction
quality. Nevertheless, CNN-based methods remain funda-
mentally constrained by local receptive fields, struggling to
effectively model cross-view long-range dependencies.

In recent years, Transformer-based architectures have
been increasingly adopted in LFSR, leveraging the self-
attention mechanism to model long-range dependencies
across views and spatial dimensions. Liang ef al. [20] in-
troduced the attention mechanism for spatial-angular inter-
actions, while Wang et al. [33] developed gradient-guided
sequence learning to enhance detail recovery. Liang et
al. [21] improved adaptability in large-disparity scenar-
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ios through EPI sequence modeling, and Cong ef al. [7]
optimized computational efficiency with subsampling con-
volutions and multi-scale angular processing. While these
methods address CNN limitations in local perception, the
quadratic complexity of self-attention hinders efficient fea-
ture learning across all subspaces.

Recent advancements have progressively validated the
methodological merits of hybrid architectures. The rep-
resentative DistgEPIT [17] achieved championship in the
inaugural LFSR challenge by synergizing CNN for local
spatial-angular feature extraction with Transformer for non-
local disparity modeling in EPI domain. While hybrid ar-
chitectures demonstrate breakthrough potential, their theo-
retical frameworks and implementation paradigms require
deeper exploration. Notably, visual state space models
[10, 11, 19, 24, 54] present a novel paradigm for processing
4D LF data through their synergistic advantages of linear
complexity and global receptive fields. Our work pioneers
the integration of visual state space models with Trans-
former architectures in LFSR. By innovatively devising
a state space-Transformer hybrid framework, we achieve
comprehensive LF information learning to significantly en-
hance reconstruction fidelity.



Table 1. Quantitative comparison (PSNR/SSIM) of different methods for x4 LFSR with 5x5 angular resolution. The best and second-best

results are highlighted in red and blue, respectively.

Method ‘ Params.(M)  FLOPS(G) ‘ EPFL HClnew HClold INRIA STFgantry ‘ Average
‘ PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM ‘ PSNR/SSIM
Bicubic - - 25.26/0.8324  27.72/0.8517 32.58/0.9344  26.95/0.8867  26.09/0.8452 | 27.72/0.8701
EDSR [22] 38.89 1017 27.84/0.8854 29.60/0.8869 35.180/.9536  29.66/0.9257  28.70/0.9072 | 30.20/0.9118
RCAN [51] 15.36 408.5 27.88/0.8863 29.63/0.8886 35.20/0.9548  29.76/0.9276  28.90/0.9131 | 30.27/0.9141
resLF [49] 8.64 39.70 28.27/0.9035 30.73/0.9107 36.71/0.9682 30.34/0.9412  30.19/0.9372 | 31.25/0.9322
LFSSR [44] 1.77 128.44 28.27/0.9118  30.72/0.9145 36.70/0.9696  30.31/0.9467  30.15/0.9426 | 31.52/0.9370
LF-InterNet [35] 5.48 50.10 28.67/0.9162  30.98/0.9161 37.11/0.9716  30.64/0.9491  30.53/0.9409 | 31.58/0.9388
LF-ATO [16] 1.36 686.99 28.52/0.9115 30.88/0.9135 37.00/0.9699 30.71/0.9484 30.61/0.9430 | 31.54/0.9373
LF-IINet [23] 4.88 57.42 29.11/0.9188 31.36/0.9208 37.62/0.9734  31.08/0.9515 31.21/0.9502 | 32.08/0.9429
DistgSSR [38] 3.58 65.41 28.99/0.9195 31.38/0.9217 37.56/0.9732  30.99/0.9519  31.65/0.9535 | 32.11/0.9440
HLFSR [32] 13.87 182.52 29.20/0.9222  31.57/0.9238 37.78/0.9742  31.24/0.9534  31.64/0.9537 | 32.29/0.9455
LFT [20] 1.16 57.60 29.25/0.9210 31.46/0.9218 37.63/0.9735 31.20/0.9524  31.86/0.9548 | 32.28/0.9447
DPT [33] 3.78 66.55 28.93/0.9170 31.19/0.9188 37.39/0.9721 30.96/0.9503 31.14/0.9488 | 31.93/0.9414
EPIT [21] 1.47 74.96 29.34/0.9197 31.51/0.9231 37.68/0.9737 31.37/0.9526  32.18/0.9571 | 32.40/0.9452
LF-DET [7] 1.69 51.20 29.47/0.9230  31.56/0.9235 37.84/0.9744  31.39/0.9534  32.14/0.9573 | 32.48/0.9463
DistgEPIT [17] 19.02 397.20 30.09/0.9224  31.61/0.9252  37.96/0.9742  32.35/0.9535  32.45/0.9589 | 32.90/0.9468
LFTramba-tiny 0.58 19.01 29.52/0.9206 31.48/0.9226 37.62/0.9735 31.60/0.9526 31.96/0.9563 | 32.44/0.9451
LFTramba 11.20 340.80 30.07/0.9284  31.90/0.9277 38.14/0.9756  32.14/0.9564  32.75/0.9609 | 33.00/0.9498
LFTramba* 11.20 340.80 30.21/0.9303  32.11/0.9297 38.33/0.9765 32.20/0.9576  33.02/0.9627 | 33.18/0.9514

Notes: * denotes the TTA technique and PSW test scheme [17].
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Figure 3. Illusatrtion of the Stride-Optimized Data Resampling
(SODR), including central, even, and uneven sampling with strides
of 32, 64 and 96, respectively.

3. Method
3.1. Network Architecture

As shown in Fig. 2(a), LFTramba consists of three main
components: initial feature extraction, comprehensive in-
formation learning in LF subspace, hierarchical feature fu-
sion and upsampling. The network takes a low-resolution
LFimage I}z € RUVXV>*XHXW a5 input and reconstructs the
high-resolution LF image Izr € RUXV>xalxaW yhere
U x V is the angular resolution, H x W is the spatial reso-
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lution, and « is the scale factor.

Initial Feature Extraction: Similar to previous works
[21, 38], an encoder N7,,;; composed of cascaded convolu-
tional layers is employed to extract initial features Fr,;; €
RUXVXHXWXC from the input I z:

Frnit = Ninit(ILR), (D

where C' denotes the channel dimension.

Comprehensive Information Learning in LF Sub-
space: To comprehensively capture information from all
LF subspaces, Fr, is first fed into a sequence of Spatial-
Angular Mamba Blocks (SAMB). These blocks alter-
nately extract spatial-angular features across the spatial
and angular domains, producing enriched features Fgyq €
RUXVXHXWXC that incorporate spatial-angular correla-
tions:

Fsa = SAMB'(SAMB (... SAM B (F1pit))) + Frnit, (2)

where SAM B(-) denotes the function of SAMB.

Next, Fig4 is processed by a series of Epipolar Plane
Transformer Blocks (EPTB) to capture disparity-sensitive
features by interacting across the horizontal and vertical
EPI domains. This step enhances the representation by
embedding LF disparity information, yielding Fp;s €
RUXVXHXW X C:

Fpis = EPTBY(EPTB/~(...EPTB'(Fs4))) + Fsa, (3

where F'PT B(-) represents the function of EPTB.



Hierarchical Feature Fusion and Upsampling: The
hierarchical fusion stage concatenates Frpi¢, Fsa, Fpis
along the channel dimension, followed by convolution

operation Conv to produce the fused feature Fryse €
]RUXVXHXWXSC.

FFuse = COnU(CO’ﬂ,CCLt(F[nZ‘t, FSA7 FDis))~ (4)

Finally, the fused feature F'r,s. is fed into a decoder
Nree composed of pixel-shuffle [29] and convolution layers
to generate the high-resolution LF image g r:

IHR:NREC(FFU,SS)' (5)
3.2. Spatial-Angular Mamba Block

The structure of the SAMB is illustrated in Fig. 2(b).
We adopt a simple yet effective spatial-angular separa-
ble modeling approach. Specifically, the input feature
map F € RUXV>XHXWXC g first reshaped into Fga; €
RUV*HXWxC Thig reshaped feature is then processed by
the Light Field Mamba Block (LFMB) followed by convo-
lution to capture spatial contextual information, producing
the spatially enhanced feature Fig € RYXVxHxWxC.

Fs = Conv(LFMB*(LEMB"(Fsar))) + Fsar. (6)

Next, Fg is reshaped into Fyu.p; € REWXUXVXC,

and it undergoes a similar process through another sequence
of LFMB and convolutional layers to extract angular com-
plementary information. This operation yields the enhanced
angular feature Fy € RUXVXHxWxC,

Fa = Conv(LFMB?*(LFMB"(Frtacp1))) + Furacpr, (7)

where LF M B(+) denotes the function of LFMB.

Inspired by [8, 43], the LFMB is designed based on the
Efficient Visual State Space (EVSS) model, with the addi-
tion of a channel attention layer to enhance inter-channel
feature interactions. Compared to prior state space models
[9, 24, 54], the architecture of LFMB exhibits several struc-
tural modifications. Specifically, we replace the causal con-
volution with a standard convolution to eliminate the uni-
directional constraint. Additionally, a symmetric branch,
consisting of an extra convolutional layer and SiLU activa-
tion function, is introduced to mitigate potential informa-
tion loss caused by the sequential modeling of SSMs. The
outputs from these two branches are concatenated and pro-
jected through a linear layer, facilitating the fusion of se-
quential and spatial information and leveraging their com-
plementary advantages. Given the input feature Fj,, the
output Fi,,;+ of EVSS is computed as follows:

Fy = SSM(o(Conv(Linear(C, %)(Fm))))?

Fy = o(Conv(Linear(C, %)(Fm))), ®)
F,,; = Linear(C, C')(Concat(Fy, F»)),
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where SSM refers to the Selective State Space Model de-
scribed in [9], o represents the SiLU activation function,
and Linear denotes the linear projection layer.

3.3. Epipolar Plane Transformer Block

The detailed structure of the EPTB is illustrated in Fig.
2(c). Its design is inspired by the Non-Local Cascading
Block proposed in [21], with appropriate modifications to
enhance global disparity perception across the EPI domain.
To strengthen the representation of local features, EPTB in-
corporates single-layer spatial convolution. This is because
multiple convolutional layers are deliberately avoided in or-
der to preserve the inherent parallax structure of the light
field. Specifically, each EPTB alternately extracts disparity
information from the horizontal and vertical EPI domains
using Basic Transformer. Notably, the two Basic Trans-
former units within each module share weights, a design
choice that facilitates more effective capture of the spatial-
angular correlations.

3.4. Stride-Optimized Data Resampling

Current LF datasets commonly suffer from skewed dis-
parity distributions characterized by scarcity of large-
disparity samples and imbalanced data representation,
which severely constrains model generalization in wide-
baseline scenarios. Although previous studies [5, 17] have
employed central, even, and uneven sampling strategies for
data augmentation to increase large-disparity samples, these
approaches often lead to a significant increase in training
time. To tackle this issue, we introduce a Stride-Optimized
Data Resampling (SODR) approach, which incorporates a
progressive multi-stride sampling technique. As illustrated
in Fig. 3, central, even and uneven resampling operate with
strides of 32, 64, and 96 respectively. This configuration
constructs a sampling distribution balancing large-disparity
coverage and scene texture diversity. Compared with the
augmented sampling in [5, 17], our approach enhances ro-
bustness to disparity variations while reducing training time
and GPU memory consumption.

4. Experiments

In this section, we first provide a detailed description of the
dataset and experimental settings, followed by a compre-
hensive performance comparison between our method and
existing state-of-the-art methods. Subsequently, extensive
ablation studies are conducted to validate the effectiveness
and robustness of LFTramba.

4.1. Datasets and Implementation Details

Datasets: In this study, we follow the experimental setup
of existing works [20, 21, 38] and select five widely used
benchmark datasets for LFSR: EPFL [27], HClold [42],
HClInew [12], INRIA [18] and STFgantry [31]. As shown
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Figure 5. Depth estimation results obtained by SPO [48] using X
4 SR images from different LESR methods. We report the mean
square error multiplied by 100 (MSE x 100), where lower values
are better.

w/o SAMB w/o EPTB w/o Feature Fusion

Figure 6. Visualization of the impact of LFTramba-tiny without
in Fig. 3, for training, we employ the SODR strategy SAMB, EPTB or Feature Fusion on the results of x 4 LFSR.
to extract 5x5 SAls, which are then cropped into 64 x64
high-resolution image patches. Corresponding 16x16 low-

resolution image patches are generated using bicubic down- tiny are trained using the L1 loss and optimized with the
sampling. During testing, we extract only the central 5x5 Adam optimizer (8; = 0.9, B2 = 0.999). The initial learn-
SAls. ing rate is 2 x 10~*, halved every 15 epochs. LFTramba

Implementation Details: To improve the model’s gen- is configured with 2 SAMBs, 10 EPTBs, a channel size of
eralization, we apply data augmentation techniques, includ- 128 and a batch size of 16, trained for 75 epochs. And
ing random horizontal and vertical flips and 90° random ro- LFTramba-tiny is configured with 4 SAMBs, 3 EPTBs, a
tations, during training. Both LFTramba and LFTramba- channel size of 32 and a batch size of 2, trained for 90
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Table 2. Ablation results (PSNR/SSIM) on the Stride-Optimized Data Resampling (SODR) for x 4 LFSR.

SODR ‘ Time Cost/Epoch ‘ EPFL HClnew HClold INRIA STFgantry ‘ Average
w/o 0.93h 29.49/0.9201 31.47/0.9223  37.60/0.9732 31.48/0.9522 31.81/0.9545 | 32.37/0.9444
w 1.43h 29.52/0.9206  31.48/0.9226  37.62/0.9735 31.60/0.9526 31.96/0.9563 | 32.44/0.9451

Table 3. Ablation results (PSNR/SSIM) on the components and structure of LFTramba for x 4 LFSR. The bolded row represents the
baseline used by LFTramba.

Cascade Order | #Params FLOPs | SAMB | EPTB | Fusion |  EPFL HClnew HClold INRIA STFgantry Average
SAMB+EPTB | 058  17.96 v v v | 29.52/0.9206 31.48/0.9226 37.62/0.9735 31.60/0.9526 31.96/0.9563 | 32.44/0.9451
EPTB+SAMB | 0.58 17.96 v v v | 29.45/09202  31.42/0.9217 37.69/0.9736  31.37/0.9520 31.78/0.9540 | 32.40/0.9443
SAMB+EPTB | 0.55 17.12 v v 29.41/0.9198 31.49/0.9223 37.55/0.9730 31.48/0.9522 31.80/0.9546 | 32.35/0.9444
- 0.61 16.71 v v | 29.39/0.9205  31.47/0.9222  37.62/0.9737 31.32/0.9521  31.64/0.9537 | 32.29/0.9444
B 055  25.10 v v 29.01/09162 31.32/0.9208 37.48/0.9727 31.05/0.9507 31.99/0.9554 | 32.17/0.9432

epochs. All experiments are conducted in PyTorch on a sin-
gle NVIDIA RTX A6000 GPU.

During inference, we apply the Position Sensitive Win-
dow (PSW) operation [17] and Test Time Augmentation
(TTA) to further enhance reconstruction quality. For per-
formance evaluation, we use Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity (SSIM) [40] as metrics,
computed on the Y channel. To obtain overall performance,
we first average the scores across all SAIs in each scene,
then compute the mean across all scenes in the dataset.

4.2. Comparison with State-of-the-art methods

We compare LFTramba with several state-of-the-art meth-
ods, including single-image SR methods [22, 51], CNN-
based LFSR methods [16, 23, 32, 35, 38, 44, 49],
Transformer-based LFSR methods [7, 20, 21, 33] and the
hybrid CNN-Transformer method [17].

Quantitative Results: Table | presents a quanti-
tative comparison of LFSR methods, where our LF-
Tramba achieves state-of-the-art performance, exceeding
DistgEPIT [17] by 0.1 dB in PSNR. Furthermore, the in-
corporation of TTA and PSW [17] further improves per-
formance, achieving a PSNR of 33.18 dB and an SSIM
of 0.9514. Notably, the lightweight LFTramba-tiny model
maintains competitive accuracy with significantly fewer pa-
rameters, outperforming EPIT [21] by 0.04 dB and LFT
[20] by 0.16 dB. Fig. 1 illustrates the trade-off between
performance and model complexity, demonstrating the su-
perior efficiency of our approach.

Qualitative Results: Fig. 4 presents qualitative results
for x4 LFSR across different methods. The magnified re-
gions highlight our approach’s ability to restore fine de-
tails and sharpen edges. For instance, in the I.SO_Chart_1
scene, our method accurately reconstructs the number ‘3’
and ‘5°, preserving their intricate structures more clearly
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than other methods while effectively mitigating severe blur-
ring. In the Origami scene, it restores the intersecting
straight lines on the jar’s surface with greater precision,
significantly reducing blurring and artifacts compared to
competing approaches. Additionally, LFTramba demon-
strates superior performance in EPI visualization, generat-
ing sharper, clearer lines with fewer artifacts.

Angular Consistency: Additionally, we assess the an-
gular consistency of reconstructed LF images using the SPO
[48] depth estimation algorithm. As shown in Fig. 5, depth
maps produced by other LFSR methods exhibit noticeable
noise and high MSEx 100 errors, indicating their limited
ability to effectively integrate spatial-angular and dispar-
ity information. In contrast, our approach significantly im-
proves depth estimation accuracy, producing clearer struc-
tures with the lowest MSE x 100 error. This further validates
that the high-resolution LF images generated by LFTramba
have superior angular consistency.

4.3. Ablation Study

In this subsection, we further analyze the effectiveness of
the strategies and architecture proposed in our work, in-
cluding the SODR strategy and the core components and
structure of LFTramba.

Stride-Optimized Data Resampling. As shown in Ta-
ble 2, the introduction of SODR strategy significantly en-
hances the model performance on large disparity dataset
(e.g., STFgantry [31]), yielding a notable improvement of
0.15 dB. This strategy also demonstrates consistent perfor-
mance improvements across other datasets, highlighting its
robustness in adapting the model to both large disparity sce-
narios and small-to-medium disparity scenes. Importantly,
the additional training overhead introduced by this method
is minimal, increasing the training time per epoch by only
approximately 50%, while significantly improving recon-



Table 4. Our team (Bold Name) secured 3rd place in Track 1 and 5th place in Track 2 on the NTIRE-2025 test dataset leaderboard [39].

‘ Rank ‘ Team ‘ Test Set ‘ #Params ‘ FLOPs
‘ ‘ ‘ Average ‘ Lytro ‘ Synthetic ‘ ‘
= 1 OpenMeow 31.1638/.9366 | 31.4330/.9531 | 30.8946/.9201 | 9.10M | 445.08G
g 2 BITSMBU 31.0915/.9354 | 31.4713/.9522 | 30.7117/.9186 | 3.91M | 115.75G
= 3 SmartVIPLab 30.8576/.9336 | 31.0748/.9503 | 30.6403/.9170 | 11.20M | 340.80G
1 BITSMBU 30.3889/.9289 | 30.5700/.9454 | 30.2078/.9125 | 0.54M 17.03G
: 2 OpenMeow 30.3440/.9280 | 30.5043/.9445 | 30.1837/9116 | 0.45M 19.33G
2 3 LFSR-DASE 30.2328/.9270 | 30.4136/.9434 | 30.0520/.9107 | 0.98M 19.87G
= 4 CBNU-MIP&VC-Lab | 30.1314/.9255 | 30.2604/.9419 | 30.0023/.9092 | 0.66M 19.88G
5 SmartVIPLab 30.1310/.9258 | 30.2887/.9424 | 29.9733/.9092 | 0.58M 19.01G
2 - DistgEPIT [17] 30.66/.9314 30.82/.9475 30.51/.9152 | 20.34M | 566.48G
% - EPIT [21] 29.87/.9259 29.72/.9420 30.03/.9097 1.47T™M 76.39G
g - DistgSSR [38] 29.64/.9244 29.39/.9403 29.88/.9084 3.58M 65.27G
M - Bicubic 25.79/.8378 25.11/.8404 26.46/.8352 - -

struction quality and yielding better results across various
datasets.

Cascade Order of SAMB and EPTB modules. SAMB
and EPTB are connected in a sequential manner. To in-
vestigate the impact of different ordering strategies, we de-
sign two configurations: prioritizing spatial-angular feature
extraction (i.e., SAMB+EPTB) and prioritizing disparity
learning (i.e., EPTB+SAMB). As shown in Table 3, the
SAMB+EPTB structure outperforms EPTB+SAMB, indi-
cating that extracting spatial-angular features first facili-
tates the recovery of intrinsic disparity information in LF.
However, excessive emphasis on spatial-angular informa-
tion may distort disparity structures to some extent, neces-
sitating a balanced integration of both to optimize model
performance.

LFTramba w/o SAMB, EPTB or Feature Fusion. To
evaluate the contribution of each component in LFTramba,
we remove SAMB, EPTB and Feature Fusion individually
and retrain the network. To ensure a fair comparison, we ap-
propriately deepen the network to maintain a similar param-
eters. As shown in Table 3, removing any component leads
to a significant drop in PSNR for the x 4 LFSR. Specifi-
cally, excluding SAMB results in a 0.27 dB decline, while
removing EPTB causes a degradation of 0.15 dB. Notably,
as shown in the fourth row of Table 3, the SAMB-based net-
work outperforms LFT [20] in reconstruction performance
while significantly reducing both parameters and FLOPS.
This demonstrates that LFMB provides strong representa-
tional power without compromising efficiency, underscor-
ing its practical applicability. Similarly, omitting Feature
Fusion leads to a 0.09 dB decrease. This is because SAMB
effectively selects and integrates critical spatial-angular fea-
tures, while EPTB enhances disparity representation in the
EPI domain, reinforcing spatial-angular correlations. Fea-
ture Fusion further exploits hierarchical features through
simple concatenation and convolution. Fig. 6 provides
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visual comparisons, highlighting the synergistic effect of
SAMB and EPTB, and demonstrating their crucial role in
achieving comprehensive information learning in LF sub-
spaces, ultimately driving performance improvements in
LFSR.

4.4. NTIRE 2025 LFSR Challenge Results

The NTIRE 2025 LFSR challenge [39] used a test set con-
sisting of 16 synthetic and 16 real-world LFs. For Track1:
Classic and Track 2: Efficiency, participants were strictly
prohibited from using external models or data, including
pre-trained backbones and optical flow networks. To ob-
tain the final results, we applied an average ensemble of
LFTramba, BigEPIT [5], DistgEPIT [17] and RR-HLFSR
[32], leveraging their structural diversity. As presented in
Table 4, our team achieved 3rd place in Track 1 and 5th
place in Track 2 on the LFSR test dataset.

5. Conclusion

In this paper, we propose LFTramba, a hybrid network that
integrates Transformer and Mamba architectures to enhance
LFSR. By jointly modeling spatial, angular, and dispar-
ity information across all LF subspaces, our method over-
comes the limitations of existing CNN and Transformer-
based approaches. The SAMB and EPTB improve infor-
mation learning by addressing challenges in integration and
cross-domain feature interaction. Extensive experiments on
real and synthetic datasets validate its effectiveness, demon-
strating a superior balance between reconstruction accuracy
and model complexity. Additionally, LFTramba ranked 3rd
in Track 1 and 5th in Track 2 of the NTIRE 2025 LFSR
Challenge. Future work will focus on refining feature fu-
sion strategies, enhancing computational efficiency, and ex-
panding model adaptability.
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