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Abstract

In the field of computer vision, the task of stereo image super-resolution (StereoSR)
has garnered significant attention due to its potential applications in augmented
reality, virtual reality, and autonomous driving. Traditional Transformer-based
models, while powerful, often suffer from attention noise, leading to suboptimal
reconstruction issues in super-resolved images. This paper introduces DIFFSSR,
a novel neural network architecture designed to address these challenges. We
introduce the Diff Cross Attention Block (DCAB) and the Sliding Stereo Cross-
Attention Module (SSCAM) to enhance feature integration and mitigate the impact
of attention noise. The DCAB differentiates between relevant and irrelevant con-
text, amplifying attention to important features and canceling out noise. The
SSCAM, with its sliding window mechanism and disparity-based attention, adapts
to local variations in stereo images, preserving details, and addressing the per-
formance degradation due to misalignment of horizontal epipolar lines in stereo
images. Extensive experiments on benchmark datasets demonstrate that DIFF-
SSR outperforms state-of-the-art methods, including NAFSSR and SwinFIRSSR,
in terms of both quantitative metrics and visual quality. Code is available at
https://github.com/Zdafeng/DIFFSSR.

1 Introduction

The rapid advancements in deep learning have led to significant progress in the field of single
image super-resolution (SISR) [[1H4]], where the goal is to reconstruct high-quality images from their
degraded low-resolution counterparts. The impressive results achieved by deep learning models in this
domain have naturally piqued the interest of researchers in leveraging the complementary information
present in stereo image pairs to further enhance resolution through deep learning methods [} 6} 4.
This has directed the focus towards the exploration of new fundamental neural network architectures
and utilization of the complementary information present in the left and right views for stereo image
super-resolution (StereoSR).

Among the various neural network architectures that have emerged, SwinlR [3] stands out as a simple
yet effective baseline for image super-resolution task. It introduces the Swin Transformer [7] as a
powerful backbone to capture long-range dependencies and global interactions within images, and
achieves state-of-the-art (SOTA) performance in various restoration tasks, including image super-
resolution, denoising, and JPEG compression artifact reduction. SwinFIR [4]], an extension of SwinIR,
incorporates Fast Fourier Convolution (FFC) [8] to further enhance the model’s ability to capture
global information and achieves a new SOTA results in image super-resolution benchmarks. In the
field of StereoSR, SwinFIRSSR [4] extends SwinFIR’s capabilities by fusing left/right viewpoint
features using a stereo cross-attention module (SCAM) [6]]. This adaptation allows SwinFIRSSR to
effectively utilize the complementary information from stereo pairs, resulting in sharper and more
detailed stereo super-resolved images.
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Figure 1: The comparison results with Swin- Figure 2: On the horizontal epipolar line, the left and
FIRSSR. DIFF denotes replacing its Trans- right views are not strictly aligned. Therefore, the
former with the DIFF Transformer. performance of SCAM will be hindered.

The core of the Transformer’s success lies in its attention mechanism [9]], which enables the model to
weigh the importance of different tokens in a sequence. However, recent studies have highlighted
the challenges faced by large language models (LLMs) in accurately retrieving key information
from context, a limitation that stems from the non-negligible attention scores assigned to irrelevant
context [[10, [IT]], often termed as attention noise. Therefore, SWinFIRSSR inevitably contains the
flaws of the Transformer. Ye et al. introduce the Differential Transformer (DIFF Transformer), a
novel architecture that amplifies attention to relevant context while effectively canceling out noise.
So, can the DIFF Transformer also yield significant performance improvements in visual tasks?
‘We substituted the Transformer architecture in SwinFIRSSR with the DIFF Transformer. However,
experimental results revealed that the DIFF Transformer not only failed to enhance performance but
also degraded the performance of existing methods, as shown in Figure[T} Consequently, this paper
presents a redesign of the DIFF Transformer, tailored for stereo super-resolution task. This is the
inaugural exploration of the DIFF Transformer in visual tasks.

In addition to the exploration of the basic network structure, within the domain of StereoSR, several
methods also have been developed to leverage the cross-view information present in stereo image
pairs. PASSRNet [[12] introduced a parallax attention mechanism to effectively handle stereo images
with large disparities. iPASSR [5] further improved upon this by incorporating a bidirectional
parallax attention module (biPAM) and an inline occlusion handling scheme. NAFSSR [6] employs
a Stereo Cross-Attention Module (SCAM) to integrate cross-view information. SCAM is designed
to seamlessly blend the simplicity and effectiveness of NAFNet with the distinctive attributes
of stereo super-resolution task. By focusing on cross-view attention, SCAM enhances the model’s
ability to integrate features from both views, improving the overall quality of super-resolved images.
While SCAM is effective for cross-view features fusion, it only focuses on features corresponding
to the horizontal epipolar line. If image distortion or stereo correction algorithm errors cause local
misalignment in stereo images, it will hinder the performance of SCAM, as shown in Figure 2]

In this paper, we propose a novel neural network structure for StereoSR tasks based on the DIFF
Transformer, named DIFFSSR. We have re-engineered the DIFF Transformer and introduced the
Diff Cross Attention Block (DCAB) to address the inapplicability of the existing DIFF Transformer
in visual tasks. Additionally, our DCAB also effectively increases the opportunity for information
exchange between the two stereo images, alleviating the issue of insufficient communication between
the left and right view information in SwinFIRSSR, which can further enhance the performance
of super-resolution. We have also redesigned the Stereo Cross-Attention Module (SCAM) and
introduced the Sliding SCAM (SSCAM), which addresses the performance degradation of SCAM
due to the misalignment of horizontal epipolar lines in stereo images. Through the aforementioned
improvements, our proposed DIFFSSR has achieved state-of-the-art (SOTA) performance across
multiple benchmark datasets and significantly outperformed SwinFIRSSR.

The contributions can be summarized as follows:
* We introduced a novel neural network architecture named DIFFSSR, specifically designed

for stereo image super-resolution tasks. This architecture is tailored to leverage the comple-
mentary information present in stereo image pairs to enhance resolution.



* We proposed the Diff Cross Attention Block (DCAB), a module engineered to address the
inapplicability of the existing DIFF Transformer in visual tasks. The DCAB is designed
to differentiate between relevant and irrelevant context, effectively amplifying attention to
important features and canceling out noise.

* We proposed the Sliding Stereo Cross-Attention Module (SSCAM), an innovative redesign
of the traditional Stereo Cross-Attention Module (SCAM). The SSCAM addresses the
performance degradation due to misalignment of horizontal epipolar lines in stereo images
by employing a sliding window mechanism.

* Through the integration of the DCAB and SSCAM within the DIFFSSR framework, we
achieved state-of-the-art (SOTA) performance across multiple benchmark datasets. This
was demonstrated through both quantitative metrics and qualitative visual comparisons,
outperforming existing methods and validating the effectiveness of our proposed architecture
in enhancing stereo image super-resolution.

2 Related Work

The pursuit of enhancing image resolution has been a longstanding endeavor in the field of computer
vision. Particularly, Stereo Image Super-Resolution (StereoSR) has garnered significant attention due
to its potential applications in augmented reality, virtual reality, and autonomous driving.

2.1 Single Image Super-Resolution (SISR)

SISR has witnessed remarkable progress with the advent of deep learning. Early methods like
SRCNN [1]] introduced the concept of using convolutional neural networks for super-resolution
tasks. Subsequent works, such as VDSR [14] and EDSR [15]], improved upon these foundations
by employing deeper network architectures and skip connections to mitigate gradient degradation
issues. RCAN [2]] further advanced SISR by incorporating a recursive residual structure and attention
mechanisms [16], which allowed the model to capture contextual information effectively. These
methods, while effective, primarily operate on convolutional neural network, limiting their ability to
encode rich contextual information. Based on the Swin Transformer, SwinIR [3]] achieves state-of-the-
art performance in SISR by leveraging the Transformer’s ability to capture long-range dependencies
and global information effectively. As an extension of SwinIR, SwinFIR [4]] incorporates fast Fourier
convolution to enhance the model’s ability to capture global information, resulting in improved
super-resolution performance.

2.2 Stereo Image Super-Resolution (StereoSR)

StereoSR leverages the complementary information from stereo image pairs to enhance resolution.
Early approaches, such as StereoSR [17], utilized disparity priors to improve the quality of super-
resolved images. PASSRNet [[12]] introduced the Parallax Attention Mechanism Module (PAM) to
address the challenge of varying disparities in stereo images. iPASSR [55]] incorporates a Bidirectional
Parallax Attention Module (biPAM) and an inline occlusion handling scheme. The biPAM is designed
to symmetrically process both left-to-right and right-to-left parallax information, leveraging the sym-
metry cues in stereo images for enhanced super-resolution. NAFSSR [6] stands out as a lightweight
approach that integrates NAFNet’s simplicity with the distinctive attributes of StereoSR tasks through
the use of stereo cross-attention modules (SCAM). Recently, Transformer-based architectures have
been explored in StereoSR due to their ability to capture long-range dependencies. SIR-Former [[18]]
pioneered the use of transformers in StereoSR, employing a cross-attention module to learn epipolar
line relationships and a transformer-based fusion module for accurate cross-view feature integration.
Steformer [19] leveraged self-attention to capture both cross-view and intra-view information in
stereo images, ensuring reliable stereo correspondence and effective cross-view integration. Swin-
FIRSSR [4] utilizes the strengths of the Swin Transformer and fast Fourier convolution to achieve
SOTA performance in StereoSR. Specifically, it integrates frequency domain knowledge through fast
Fourier convolution, enhancing the model’s ability to capture global information. However, similar to
other Transformer-based models, SwinFIRSSR faces challenge such as increasing attention noise.



3 Methodology

3.1 Preliminary: Differential Transformer

The Differential Transformer [[L1] was originally proposed to mitigate the problem of attention noise,
a phenomenon where conventional attention mechanisms assign non-negligible weights to irrelevant
tokens, thereby diluting the representation of key information. To address this limitation, Ye et
al. [11] proposed a differential attention mechanism that constructs two complementary attention
branches: one emphasizing relevant information and the other modeling irrelevant or noisy signals.
The contrast between the two branches effectively suppresses shared distractions while amplifying
meaningful information.

Given an input feature sequence = € RV the two sets of query and key projections are generated
as:
[QlaQQ} :ZL'WQ, [KlaKQ] :$WK, VZIWV, (1)

where W, Wi, Wy € RE*C denote the learnable projection matrices. Q1, Q2, K1, Ko € RVX s
and V € RV *¢ denote the query, key and value. N and C are the number of tokens and channels,
respectively. The differential attention is formulated as:

KT KT
Mtasr (@) = (5(L2E) - as( L2 @

where S(-) denotes the softmax function and A is a learnable scalar controlling the suppressive
branch. The first term enhances attention toward relevant features, while the second term cancels
noise-induced activations, yielding cleaner and more discriminative feature maps. A is formulated as:

A = exp(sum(Ag * Ag1)) — exp(sum(Ag2 * Ak2)) + Ninit, 3)

where A\g1, A\g2, Ak1, Ak2 € R¥ are learnable parameters, and \;,,;; = 0.8 in this paper.

This differential attention mechanism enables the model to emphasize meaningful context while
reducing redundancy. However, directly applying this mechanism to dense visual data introduces
computational efficiency and performance challenges. To overcome these issues, we reformulate
and extend the differential attention paradigm for the visual domain, which serves as the conceptual
foundation of our proposed architecture, DIFFSSR.

The DIFFSSR architecture, as depicted in Fig-
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Given a pair of low-resolution stereo images
XE, XE e REXWX3 the shallow features are
first extracted as:
F§ = Hs(X"), F§ = Hs(X"), @)
where Hg(-) denotes a 3 x 3 convolutional layer used for low-level feature extraction.

The deep feature extraction network is composed of | DCABs, which progressively refine both
intra-view and cross-view features:

Fp = Hp(F§), Fp = Hp(F§), Q)
where Hp(-) represents the stacked DCABs. Finally, the reconstruction module recovers high-
resolution images by combining shallow and deep features through residual learning:

I§p = Hrpo(Ff + FS),  Ifp = Hrpo(Ff + FY), ©)
where Hrpo(+) consists of a convolutional layer followed by a pixel-shuffle upsampling [20]. This

residual design effectively preserves high-frequency textures, focusing the network on reconstructing
fine details.

3.3 Diff Cross-Attention Block (DCAB)

To extend the Differential Transformer for visual tasks, we propose the Diff Cross-Attention Block
(DCAB), which introduces a Window-based Multi-head Differential Attention (W-MDA) and a
lightweight stereo feature coupling mechanism. Unlike the original global attention used in text
processing, W-MDA operates within local non-overlapping windows, significantly reducing computa-
tional complexity while preserving spatial locality. Each DCAB consists of three Diff Cross-Attention
Layers (DCAL) followed by a 1 x 1 convolution to enhance translation equivariance. Formally, for
the j-th DCAL in the i-th DCAB, the features are updated as:

FvLj :Hg%‘AL(Ffj—l)v Fsz :Hg)C'AL(Filfj—l)7 @)
and the output of the 7-th DCAB is obtained as:
Fi?out = Hzgg)n'u (Fz[,lN)7 Fz},%out = Hc(zl))nv (Fz},%N)7 (8)

where Héé),w() denotes a 1 x 1 convolutional layer.

Each DCAL integrates three key components: a differential attention module, a sliding stereo
cross-attention module (SSCAM), and a feed-forward network (MLP). To adapt the differential
attention for visual data, we make two crucial modifications to the original formulation: a. Instead
of using the Rotary Position Embedding (RoPE) [21], we adopt Relative Positional Encoding
(RPE) [1]. RPE explicitly models the relative spatial offsets between pixels, which better preserves
spatial consistency within local windows, especially important for stereo correspondence. This
substitution improves spatial awareness without introducing additional learnable parameters. b. The
original Differential Transformer employs SwiGLU [22| 23] activation within its feed-forward block.
However, we replace it with a conventional two-layer MLP for two reasons: (1) MLPs require fewer
computational resources and are easier to optimize for high-resolution image data; (2) SwiGLU’s
gating mechanism may impede gradient propagation in dense spatial domains, causing information
bottlenecks. Empirically, we find that this replacement leads to better convergence stability and
performance. The complete computation process inside one DCAB is summarized as:

Flis; =W-MDA(LN(F")) + F", 9)
Fji;; =W-MDA(LN(F®)) + F*, (10)
Fi = LN(Fjp), Fii=LN(Fj;;), (11)
FsI;cam’Fs]gcam = SSCAM(FlEmFl};)a (12)
Fanlp = MLP(LN(Fslécmn)) + Fs[écama (13)
Ff;lp = MLP(LN(FSIECGTI’L)) + Fslgcam’ (14)

where W-MDA(-), SSCAM(-) and M LP(-) denote the differential attention operator, Sliding
Stereo Cross-Attention Module (SSCAM) and MLP, respectively. LN (+) is the layer normalization.
Flitpr Féscam and F, denote the outputs of differential attention, SSCAM and MLP, respec-

tively. This structure amplifies critical spatial cues, reduces attention noise, and enables effective
communication between left and right stereo features.



3.4 Sliding Stereo Cross-Attention Module (SSCAM)

While the DCAB focuses on refining intra-view representations, the Sliding Stereo Cross-Attention
Module (SSCAM) is designed to facilitate adaptive cross-view feature fusion, as shown in Figure3]c).
Traditional stereo cross-attention [|6] relies on strict horizontal epipolar alignment, which can be
disrupted by imperfect calibration or local distortion. To mitigate this issue, SSCAM introduces
a sliding-window cross-attention mechanism that dynamically attends to locally relevant disparity
regions. The SSCAM functional expression can be described as the Equation (I2). In detail, given
the left and right features F'' and F''?, the fused feature F'“% are obtained by:

QL = Unfold(WQ" FL), (15)
KR =wK'FR  yE_wV pR (16)
FL-R WPRAttention(QL, KR VR + PR (17)

where W, WK™ WV" and WP" are the 1 x 1 point-wise convolution for left to right attention.
Unfold(-) denotes the Unfold operation is used in this paper to implement a sliding window. Q*,
KT, and VT denote the query, key and value for left to right attention. Attention(-) is the Stereo
Cross-Attention that can be represented as:

Attention(Q. K. V) = (25 )y (18)
Ve
The fused feature F¥~ are obtained by:
Q" = Unfold We" FR), (19)
KL —wK'pL  yL_wV'pL (20)
FE=L = WPLAttentz'on(QR, KL vE) + FE 2D

where WQ"  WE" WV" and WP are the 1 x 1 point-wise convolution for right to left attention.
Qf, KT, VI denote the query, key and value for right to left attention. Through this formulation, SS-
CAM achieves robust cross-view correspondence and effectively handles stereo pairs with misaligned
epipolar lines, thereby improving reconstruction fidelity.

4 Experiments

4.1 Implementation Details

Dataset. The training dataset for our proposed model consists of a combination of images from
the Flickr1024 dataset [[12] and the Middlebury dataset [24]. Specifically, we utilize 800 stereo
image pairs from Flickr1024 and 60 pairs from Middlebury. Then, low-resolution (LR) images are
created by applying bicubic downsampling to the HR images with scaling factors of x2 and x4. The
resulting LR images are cropped into 32 x96 patches with a stride of 16, and their HR counterparts
undergo corresponding cropping. For testing, we employ a popular benchmark comprising 20 pairs
of images from the KITTI 2012 dataset [25]], 20 pairs of images from the KITTI 2015 dataset [26]],
112 pairs of images from the Flickr1024 dataset [[12], and 5 pairs of images from the Middlebury
dataset [24].

Model Setting. Our DIFFSSR architecture is primarily composed of a shallow feature extraction
network, a deep feature extraction network, and a reconstruction module. The deep feature extraction
network is the core component of our model, designed to recover the missing texture details in
low-resolution images. It is primarily constructed from 13 Diff Cross Attention Blocks (DCAB),
each of which consists of 3 Diff Cross Attention Layers followed by a convolutional operation, with
a channel number of 180.

Training Settings. The training process for DIFFSSR is conducted over 500,000 iterations with a
batch size of 8. We initialize the learning rate at 2e-4 and employ a cosine annealing strategy [27] to
gradually decrease the learning rate to le-7. Data augmentation techniques, including random hori-
zontal and vertical flips and channel shuffle [4], are applied to enhance dataset diversity. Additionally,



Table 1: Quantitative results achieved by different methods on the KITTI 2012 [25]], KITTI 2015 [26],
Middlebury [24], and Flickr1024 [12] datasets on the RGB space for stereo image SR. # P represents
the number of parameters of the networks. Here, PSNR/SSIM values achieved on both the left
images (i.e., Left) and a pair of stereo images (i.e., (Left + Right) /2) are reported.

Method Scale #P Left (Left + Right) /2
KITTI 2012 KITTI 2015 Middlebury KITTI 2012 KITTI 2015 Middlebury Flickr1024

EDSR[I5 x2 38.6M  30.83/0.9199 29.94/0.9231 34.84/0.9489 30.96/0.9228 30.73/0.9335 34.95/0.9492 28.66/0.9087
RDNJ[29] x2 22.0M  30.81/0.9197 29.91/0.9224 34.85/0.9488 30.94/0.9227 30.70/0.9330 34.94/0.9491 28.64/0.9084
RCAN[2] x2 153M  30.88/0.9202 29.97/0.9231 34.80/0.9482 31.02/0.9232 30.77/0.9336 34.90/0.9486  28.63/0.9082
StereoSR[17] x2 1.O8M  29.42/0.9040 28.53/0.9038 33.15/0.9343 29.51/0.9073 29.33/0.9168 33.23/0.9348 25.96/0.8599
PASSRnet[12] x2 1.37M  30.68/0.9159 29.81/0.9191 34.13/0.9421 30.81/0.9190 30.60/0.9300 34.23/0.9422 28.38/0.9038
IMSSRnet(30 x2 6.84M 30.90/- 29.97/- 34.66/- 30.92/- 30.66/- 34.67/- -/-
iPASSRI5] x2 1.37M  30.97/0.9210 30.01/0.9234 34.41/0.9454 31.11/0.9240 30.81/0.9340 34.51/0.9454 28.60/0.9097
SSRDE-FNet[31 x2 2.10M  31.08/0.9224 30.10/0.9245 35.02/0.9508 31.23/0.9254 30.90/0.9352 35.09/0.9511 28.85/0.9132
NAFSSR-T[6. x2 045M  31.12/0.9224  30.19/0.9253 34.93/0.9495 31.26/0.9254 30.99/0.9355 35.01/0.9495 28.94/0.9128
NAFSSR-S[6 x2 1.54M  31.23/0.9236 30.28/0.9266 35.23/0.9515 31.38/0.9266 31.08/0.9367 35.30/0.9514 29.19/0.9160
NAFSSR-B[6 x2 6.77TM  31.40/0.9254 30.42/0.9282 35.62/0.9545 31.55/0.9283 31.22/0.9380 35.68/0.9544 29.54/0.9204
NAFSSR-L[6 X2 2379M 31.45/0.9261 30.46/0.9289 35.83/0.9559 31.60/0.9291 31.25/0.9386 35.88/0.9557 29.68/0.9221
SwinFIRSSR[4] x2  23.94M  31.65/0.9293 30.66/0.9321 36.48/0.9601 31.79/0.9321 31.45/0.9413 36.52/0.9598 30.14/0.9286
MSSFNet[32] x2 1.80M  31.37/0.9262 30.37/0.9287 35.77/0.9555 31.53/0.9292 31.16/0.9384 35.82/0.9553 29.45/0.9212

DIFFSSR-T (Ours)  x2 1.54M  31.40/0.9267 30.41/0.9295 35.89/0.9568 31.55/0.9295 31.20/0.9391 35.94/0.9567 29.63/0.9233
DIFFSSR (Ours) x2  19.86M  31.69/0.9298 30.68/0.9327 36.61/0.9609 31.84/0.9327 31.47/0.9418 36.65/0.9607 30.27/0.9301

EDSR[15 x4 389M  26.26/0.7954 25.38/0.7811 29.15/0.8383 26.35/0.8015 26.04/0.8039 29.23/0.8397 23.46/0.7285
RDN[29] x4 22.0M  26.23/0.7952 25.37/0.7813 29.15/0.8387 26.32/0.8014 26.04/0.8043 29.27/0.8404 23.47/0.7295
RCAN[2] x4 154M  26.36/0.7968 25.53/0.7836 29.20/0.8381 26.44/0.8029 26.22/0.8068 29.30/0.8397 23.48/0.7286
StereoSR[17 x4 1.42M  24.49/0.7502 23.67/0.7273 27.70/0.8036 24.53/0.7555 24.21/0.7511 27.64/0.8022 21.70/0.6460
PASSRnet[12 x4 1.42M  26.26/0.7919 25.41/0.7772 28.61/0.8232 26.34/0.7981 26.08/0.8002 28.72/0.8236 23.31/0.7195
SRRes+SAM|33 x4 1.73M  26.35/0.7957 25.55/0.7825 28.76/0.8287 26.44/0.8018 26.22/0.8054 28.83/0.8290 23.27/0.7233
IMSSRnet(30] x4 6.89M 26.44/- 25.59/- 29.02/- 26.43/- 26.20/- 29.02/- -/-

iPASSR[3] x4 1.42M  26.47/0.7993 25.61/0.7850 29.07/0.8363 26.56/0.8053 26.32/0.8084 29.16/0.8367 23.44/0.7287
SSRDE-FNet[31] x4 224M  26.61/0.8028 25.74/0.7884 29.29/0.8407 26.70/0.8082 26.43/0.8118 29.38/0.8411 23.59/0.7352
NAFSSR-T([6] x4 0.46M  26.69/0.8045 25.90/0.7930 29.22/0.8403 26.79/0.8105 26.62/0.8159 29.32/0.8409 23.69/0.7384
NAFSSR-S[6 x4 1.56M  26.84/0.8086 26.03/0.7978 29.62/0.8482 26.93/0.8145 26.76/0.8203 29.72/0.8490 23.88/0.7468
NAFSSR-B[6 x4 6.80M  26.99/0.8121 26.17/0.8020 29.94/0.8561 27.08/0.8181 26.91/0.8245 30.04/0.8568 24.07/0.7551
NAFSSR-L[6 x4 23.83M 27.04/0.8135 26.22/0.8034 30.11/0.8601 27.12/0.8194 26.96/0.8257 30.20/0.8605 24.17/0.7589
SCGLANet[34] x4 2529M 27.03/0.8154 26.18/0.8052 30.23/0.8627 27.10/0.8209 26.87/0.8263 30.04/0.8568 24.30/0.7657
Steformer{ 19 x4 1.34M  26.61/0.8037 25.74/0.7906 29.29/0.8424 26.70/0.8098 26.45/0.8134 29.38/0.8425 23.58/0.7376
SwinFIRSSR[4 x4 2409M 27.06/0.8175 26.15/0.8062 30.33/0.8676 27.16/0.8235 26.89/0.8283 30.44/0.8687 24.29/0.7681
MSSFENet|32 x4 1.82M  26.88/0.8098 26.07/0.7990 29.67/0.8498 26.97/0.8158 26.82/0.8219 29.77/0.8502 23.99/0.7508

DIFFSSR-T (Ours) x4 1.69M  26.90/0.8132 26.05/0.8021 29.88/0.8581 27.00/0.8191 26.78/0.8245 30.00/0.8589 24.04/0.7569
DIFFSSR (Ours) x4 200IM 27.15/0.8201 26.23/0.8092 30.55/0.8723 27.25/0.8261 26.98/0.8312 30.64/0.8729 24.40/0.7722

Table 2: Comparison of perceptual quality on the real-world dataset StereoWeb20 [35]].

Dataset Metric  NAFSSR [6] SCGLANet-GAN [34] DIFFSSR-GAN (Ours)
NIQE|, 5.7363 44174 41831
MANIQAT 04648 0.5761 0.6184
StereoWeb20 [35] 1551091 46.78 62.18 63.67
CLIPIQAT  0.5144 0.6331 0.6857

we employ a Charbonnier L1 loss function [28]] to measure the difference between the super-resolved
and ground-truth stereo images. The model is trained on four NVIDIA GeForce RTX 3090 GPU, and
the training process is carefully monitored to ensure convergence and to adjust hyperparameters as
necessary for optimal performance.

4.2 Comparisons with State-of-the-art Methods

Quantitative Evaluations. Table[I]presents a comprehensive quantitative comparison of various
methods for stereo image super-resolution (StereoSR) on the KITTI 2012, KITTI 2015, Middlebury,
and Flickr1024 datasets. The metrics used for evaluation are the Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index (SSIM), which are standard measures for assessing the quality of
super-resolved images. The table reports these values for both individual left images and the average
of left and right images in stereo pairs, providing a holistic view of performance across different scales.
SwinFIRSSR, an extension of SwinFIR, incorporates Fast Fourier Convolution (FFC) to enhance
the model’s ability to capture global information, achieving state-of-the-art (SOTA) performance in
StereoSR. However, as indicated in Tablem our method, DIFFSSR, outperforms SwinFIRSSR across
multiple benchmark datasets, including KITTI 2012, KITTI 2015, Middlebury, and Flickr1024, for
both x2 and x4 scaling factors. Specifically, at a x2 scale, DIFFSSR achieves a PSNR of 30.27dB
and SSIM of 0.9301 on the Flickr1024 dataset, surpassing SwinFIRSSR’s 30.14dB and 0.9286,
respectively. This trend continues at a x4 scale, where DIFFSSR garners a PSNR of 24.40dB and
an SSIM of 0.7722, compared to SwinFIRSSR’s 24.29dB and 0.7681. DIFFSSR demonstrates its
superiority over NAFSSR-L as well. At a scale of x2, NAFSSR-L achieves a PSNR of 31.45dB
and SSIM of 0.9261 on the KITTI 2012 dataset, which is lower than DIFFSSR’s scores. This
gap widens at a scale of x4, where DIFFSSR’s PSNR and SSIM on the Middlebury dataset are
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img_0007 (Left) NAFSSR-L SwinFIRSSR DIFFSSR(ours) Reference

img_0003 (Right) NAFSSR-L SwinFIRSSR DIFFSSR(ours) Reference
Figure 4: Visual results (x4) achieved by different methods on the Flickr1024 dataset.

significantly higher than NAFSSR-L’s, 30.55dB vs. 30.11dB and 0.8723 vs. 0.8601, respectively.
These results underscore the superior performance of DIFFSSR in reconstructing high-quality images
from degraded stereo pairs. Another significant advantage of DIFFSSR is its parameter efficiency. As
indicated in Table[I] DIFFSSR has 19.86M parameters at a x2 scale and 20.01M parameters at a x4
scale, which is considerably fewer than SwinFIRSSR’s 23.94M and 24.09M parameters, respectively.
This parameter reduction does not compromise performance; in fact, it enhances it.

Visual Comparison. Figure[d] presents a qualitative assessment of the stereo image super-resolution
performance of three methods: NAFSSR, SwinFIRSSR, and our proposed DIFFSSR. The restoration
of texture details is a critical aspect of super-resolution tasks, as fine details are often the first to be
lost during the downscaling process. Figure [d demonstrates that our DIFFSSR method outperforms
both NAFSSR and SwinFIRSSR in this regard. The images produced by DIFFSSR exhibit sharper
and more refined textures compared to the other two methods. In the visual results, it is evident that
NAFSSR, while effective in enhancing image resolution, tends to blur finer details, particularly in
areas with complex textures. SwinFIRSSR shows some improvement over NAFSSR in preserving
details, but it still falls short when compared to DIFFSSR. The images generated by SwinFIRSSR
occasionally exhibit a loss of fine structures, suggesting that traditional Transformers may have
issues with attention noise, leading to the aggregation of a large amount of irrelevant information,
which results in suboptimal reconstruction and over-smoothing problems. In contrast, DIFFSSR
demonstrates a remarkable ability to recover even the most subtle texture details. This is attributed
to the differential attention mechanism within the Diff Cross Attention Block (DCAB), which
effectively differentiates between relevant and irrelevant context, thereby amplifying attention to
important features and canceling out noise.

The superiority of our method can be attributed to the innovative design of the DCAB and SSCAM.
The DCAB’s differential attention mechanism is adept at distinguishing between relevant and ir-
relevant context, thus reducing attention noise. This, in turn, prevents over-smoothing by ensuring
that the model focuses on significant features rather than dispersing attention across less relevant
areas. The SSCAM, with its sliding window approach, enables more localized and adaptive feature
integration, which is crucial for preserving texture details and preventing over-smoothing.

Real-World Evaluation. As shown in Table[2] our DIFFSSR-GAN consistently achieves the best
perceptual quality across all metrics on the real-world dataset StereoWeb20. Specifically, it attains the
lowest NIQE (4.1831) and the highest MANIQA (0.6184), MUSIQ (63.67), and CLIPIQA (0.6857),



outperforming both NAFSSR and SCGLANet-GAN by a notable margin. It is worth noting that
SCGLANet-GAN was trained for 400,000 iterations with a batch size of 3 on 8 GPUs, whereas our
DIFFSSR-GAN was trained for the same number of iterations but with a smaller batch size of 2 on
only 4 GPUs, demonstrating better efficiency and robustness under more constrained computational
resources. Moreover, our dataset simulation process follows the same degradation model as Real-
ESRGAN, ensuring realistic noise and blur patterns that closely mimic real-world stereo imaging
conditions. These results collectively validate that DIFFSSR-GAN effectively generalizes to real-
world scenarios and achieves superior perceptual quality with less computational cost.

Table 3: Comparison results under different Table 4: The comparison results with Swin-
window size in Sliding Windows Stereo Cross- FIRSSR. DIFF denotes replacing its Transformer

Attention Module. with the DIFF Transformer.
Window Size Flickr1024 KITTI 2012 KITTI 2015 Middlebury Method  Flickr1024 KITTI 2012 KITTI 2015 Middlebury
24.35 27.23 26.94 30.57 SwinFIRSSR ~ 24.29 27.16 26.89 30.44
3 24.39 27.24 26.97 30.64 DIFF 24.11 26.99 26.71 30.14
5 24.40 27.25 26.98 30.64 DIFFSSR 24.40 27.25 26.98 30.64
7 24.42 27.27 27.00 30.65

Table 5: Comparison results under different Positional Encoding (PE) and Feed-Forward Neural
Network (FFN). RoPE [21]] and RPE [7] denote Rotary Position Embedding and Relative Positional
Encoding, respectively. Depth denotes 0.8 — 0.6 % e~0-3*depth,

Method Factor Flickr1024 ~ KITTI2012 KITTI 2015 Middlebury

- 24.10 26.96 26.69 30.13

PE RoPE 24.11 26.99 26.71 30.14
RPE 24.13 26.99 26.72 30.17

FEN SwiGLU 24.11 26.99 26.71 30.14
MLP 24.18 27.06 26.85 30.31

0.8 24.11 26.99 26.71 30.14

Ainit Depth 24.11 26.99 26.71 30.12
Learnable 24.11 26.99 26.71 30.14

4.3 Ablation Study

4.3.1 Impact of the Window Sizes

The ablation study results presented in Table [3| offer valuable insights into the impact of varying
window sizes within the Sliding Stereo Cross-Attention Module (SSCAM). It is observed that when
the window size is increased from 1 to 3, there is a significant and consistent improvement in PSNR
across test datasets. This suggests that a moderate window size of 3 already captures additional
contextual information beneficial for super-resolution tasks. Further increasing the window size to 5
results in marginal improvements over the window size of 3, with PSNR values of 24.40dB, 27.25
dB, 26.98 dB, and 30.64 dB on Flickr1024, KITTI 2012, KITTT 2015, and Middlebury datasets,
respectively. While the window size of 7 yields the highest PSNR values across datasets, its excessive
computational requirements make it impractical. It is worth noting that odd-numbered window
sizes (1, 3, 5, 7) are adopted due to their inherent symmetry and implementation simplicity, which
are common and reasonable design choices in visual models. The window size of 3 provides a
near-optimal balance, offering significant performance gains with reasonable computational costs,
making it the chosen configuration for our model.

4.3.2 Impact of the DIFF Transformer

The ablation study in Table [d]reveals that directly replacing the Transformer in SwinFIRSSR with the
DIFF Transformer (referred to as the DIFF) leads to a decrease in PSNR across all datasets, indicating
that the DIFF Transformer does not translate its benefits from language tasks to visual tasks effectively.
In contrast, our proposed DIFFSSR, which incorporates a redesigned DIFF Transformer architecture
tailored for stereo super-resolution, outperforms both SwinFIRSSR and the DIFF methods. This
enhancement underscores the importance of architecture design in leveraging the complementary
information present in stereo image pairs and highlights the potential of the DIFF Transformer when
adapted appropriately for visual tasks.



4.3.3 Impact of Some Factors in Transformer

The ablation study presented in Table [5] provides a detailed analysis of the impact of different
Positional Encodings (PE) and Feed-Forward Neural Network (FFN) architectures on the performance
of the DIFF Transformer model. The first group of rows in the table compares the performance of
three different positional encoding methods. The results indicate that positional encoding consistently
improves performance across all datasets. However, the analysis also suggests that while RoPE has
shown significant benefits in LLMs, it may not effectively capture the spatial relationships in visual
data, as indicated by the relatively small improvement in performance with RoPE compared to RPE.
This aligns with prior findings suggesting that RoPE may not be the most suitable for visual tasks that
rely heavily on relative spatial relationships, where RPE offers a more fitting approach. The second
group of rows compares the performance of two different FFN architectures. MLP outperforms
SwiGLU across all datasets, yielding improvements of 0.07, 0.07, 0.14, and 0.17 for the respective
datasets. This suggests that MLP is more suited for this task, potentially due to its ability to model
more complex non-linearities and interactions between features, which may be particularly beneficial
in tasks that require higher levels of abstraction or richer feature representations.

5 Conclusion

In this paper, we introduced DIFFSSR, a novel approach to stereo image super-resolution that
leverages the strengths of the Differential Transformer to address the limitations of traditional
Transformer models. Through the innovative design of the Diff Cross Attention Block (DCAB)
and the Sliding Stereo Cross-Attention Module (SSCAM), DIFFSSR effectively reduces attention
noise and improves the integration of cross-view information, leading to superior performance in
recovering fine texture details and preventing over-reconstruction. Our method achieved state-of-the-
art results across multiple benchmark datasets, outperforming existing methods such as NAFSSR
and SwinFIRSSR. The visual comparison clearly demonstrates DIFFSSR’s ability to restore low-
resolution images with greater accuracy and detail, while also avoiding the over-smoothing artifact
that plague traditional Transformer-based models. The success of DIFFSSR highlights the importance
of tailored neural network architectures for specific visual tasks and the potential of Differential
Transformer in improving the performance of super-resolution models.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Yes. The abstract and introduction accurately reflect our contributions. All
claims are supported by extensive experimental results, in terms of both quantitative metrics
and visual quality.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: Yes. Section Appendix [B|discusses the limitations of our work.
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: Yes, please see Section[3.3]and Section[3.4]
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Please see Section .11
Guidelines:

* The answer NA means that the paper does not include experiments.
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* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: We upload the codes and instructions to recover the results.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Please see Section E.1]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: However, we provided extensive experimental results, including quantitative
metrics and visual quality, in Section[d]and Appendix [A]to support our claims.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Please see Table[7l
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We followed the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Please see Appendix
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not foresee any high risk for misuse of this work.
Guidelines:

* The answer NA means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Yes, we credited them in appropriate ways.
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This paper does not involve crowdsourcing nor research with human subjects.
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Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Additional Ablation Study

A.0.1 The Effectiveness of SSCAM

As shown in Table@ for the ablation study of SSCAM, we replaced the SSCAM with SCAM in
the Diff Cross Attention Layer. The experimental results demonstrate that our proposed SSCAM
achieves superior performance compared to SCAM. To further validate the effectiveness of SSCAM,
we simulated misalignment between left and right views by randomly applying vertical shifts of
0-3 pixels to the right view in the Flickr1024 validation dataset. We evaluated only the PSNR of
the left view in this setup. The results indicate that our SSCAM incurs negligible performance
degradation, while the methods based on SCAM (SwinFIRSSR and NAFSSR) exhibit a significant
drop in performance.

Table 6: The effectiveness of our SSCAM.

Method DIFFSSR ~ DIFFSSR(SCAM )  SWIinFIRSSR  NAFSSR
Flickr1024 2434 2427 2422 2411
Flickr1024 + vertical shift ~ 24.31(-0.03) 24.05(-0.22) 23.98(-0.24)  23.74(-0.37)

A.0.2 The Visualization of the Attention Map

As shown in Figure[5] through the visualization of attention maps, it can be observed that self-attention
mechanisms tend to assign higher weights to irrelevant pixels, while differential attention (our)
demonstrates the capability to effectively mitigate noise interference. Furthermore, comprehensive
theoretical analyses and experimental validations of the noise suppression capacity inherent in
differential attention have been rigorously demonstrated by the original authors.
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Figure 5: The visualization of the attention map.

A.0.3 Impact of the Window Sizes

The Table [/| presents a comprehensive analysis of the impact of varying window sizes on the
performance of the Sliding Stereo Cross-Attention Module in stereo image super-resolution. The
results indicate that as the window size increases from 1 to 7, there is a corresponding improvement
in performance such as PSNR and SSIM across different datasets. Specifically, the largest window
size of 7 yields the best performance, with PSNR values of 24.42dB, 27.27dB, 27.00dB, and 30.65dB
respectively. However, this enhancement in performance comes at a cost. The computational
complexity, measured in GFlops, and the inference time both increase significantly with larger
window sizes. For example, while a window size of 1 has a computational cost of 137.42 GFlops
and an inference time of 0.1003 seconds, these values rise to 435.54 GFlops and 0.1683 seconds
for a window size of 7. Despite the superior performance of the largest window size, the study
concludes that a window size of 3 strikes an optimal balance between performance and computational
efficiency. This size offers a reasonable trade-off, with a moderate increase in computational cost
(187.11 GFlops) and inference time (0.1274 seconds) compared to the baseline, while still achieving
notable performance gains. This makes it a practical choice for real-world applications where both
performance and efficiency are critical considerations.
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Table 7: Comparison results under different window size in Sliding Windows Stereo Cross-Attention
Module. We test our method on NVIDIA GeForce RTX 3090 GPU with the resolution 32x96.

Window Size  #P  GFlops Time  Flickrl024 KITTI2012 KITTI2015 Middlebury

- 20.01 137.42  0.1003s 24.35 27.23 26.94 30.57
3 20.01 187.11  0.1274s 24.39 27.24 26.97 30.64
5 20.01  286.48  0.1442s 24.40 27.25 26.98 30.64
7 20.01 43554  0.1683s 24.42 27.27 27.00 30.65

A.0.4 Training Free for the Sliding Stereo Cross-Attention Module (SSCAM)

The experimental results presented in Table [§] demonstrate the critical advantage of the proposed
SSCAM in achieving training-free adaptability to varying window sizes during inference, a capability
lacking in the NAFSSR’s SCAM. Specifically, when trained with a window size of 1 and tested with
larger window sizes (3 or 5), SSCAM-based DIFFSSR consistently improves performance across all
datasets, whereas NAFSSR suffers significant degradation. For instance, on the Flickr1024 dataset,
NAFSSR’s PSNR drops from 24.16 dB (test window=1) to 24.13 dB (test windows=3), indicating
its sensitivity to window size mismatches. In contrast, DIFFSSR trained with window=1 exhibits a
performance gain from 24.35 dB to 24.37 dB when tested with larger windows, highlighting SSCAM’s
intrinsic ability to exploit expanded spatial contexts without retraining. Similar trends are observed on
KITTT and Middlebury datasets, where DIFFSSR maintains or slightly enhances accuracy regardless
of test window sizes, while NAFSSR’s scores consistently decline. Furthermore, DIFFSSR exhibits
remarkable robustness even when trained with larger windows (3 or 5). For example, DIFFSSR
trained with window=5 achieves 24.40 dB on Flickr1024 when tested with window=5, marginally
outperforming its window=3 training counterpart (24.39 dB). This suggests SSCAM’s bidirectional
compatibility—it not only enables upward window size generalization from smaller training windows
but also maintains stability when trained with larger windows, such versatility is absent in NAFSSR.

Table 8: Comparison results under different window size in Sliding Windows Stereo Cross-Attention
Module.

Method  Train Window Size Test Window Size Flickr1024 KITTI 2012 KITTI 2015 Middlebury

1 24.16 27.11 26.94 30.19
NAFSSR 1 3 24.14 27.09 26.92 30.18
5 24.13 27.07 26.91 30.16
1 24.35 27.23 26.94 30.59
DIFFSSR 1 3 24.37 27.23 26.97 30.59
5 24.37 27.23 26.97 30.59
1 24.37 27.24 26.96 30.61
DIFFSSR 3 3 24.39 27.24 26.97 30.64
5 24.39 27.24 26.97 30.64
1 24.36 27.24 26.96 30.60
DIFFSSR 5 3 24.39 27.25 26.97 30.64
5 24.40 27.25 26.98 30.64

A.0.5 Parameters vs. PSNR

The Figure [6] provides a comparison of various stereo image super-resolution methods, highlighting
the trade-off between the number of parameters and PSNR performance on the Flickr1024 dataset.
Our methods, DIFFSSR and DIFFSSR-T, demonstrate significant improvements in performance and
parameter efficiency. Specifically, DIFFSSR achieves SOTA performance with a PSNR of 24.40dB
(x4), surpassing other methods including NAFSSR-L (24.17 dB) and SwinFIRSSR (24.29 dB).
Notably, DIFFSSR requires fewer parameters than both NAFSSR-L [6]] and SwinFIRSSR [4]. At a
x4 scale, DIFFSSR has 20.01M parameters versus 23.83M for NAFSSR-L and 24.09M for Swin-
FIRSSR, representing reductions of 16.0% and 16.9%, respectively. DIFFSSR-T achieves comparable
performance to NAFSSR-B but requiring fewer parameters (1.69M), 75.1% reduction compared to
NAFSSR-B’s 6.80M. Additionally, DIFFSSR-T surpasses NAFSSR-S (1.56M parameters) in PSNR
(24.04 dB vs. 23.88 dB), demonstrating a 0.16 dB improvement despite similar parameter counts.
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Figure 6: The trade-off between the number of parameters and PSNR on the Flickr1024 dataset.

A.0.6 The Comparison with Some More Recent SOTA Methods.

The Figure[6]also provides a comparison of various recent stereo image super-resolution methods.
Although SwinFIRSSR [4] was initially proposed in 2022, it has consistently maintained SOTA
performance. Therefore, we select SwinFIRSSR as the primary baseline for comparison. According
to the NTIRE 2023 Challenge on Stereo Image Super-Resolution [36] results, SwinFIRSSR won
the championship in Track 2. Furthermore, the NTIRE 2024 Challenge on Stereo Image Super-
Resolution [37] results demonstrate that the tiny version of SwinFIRSSR achieved dual championships
in both Track 1 and Track 2. In contrast, other methods exhibited inferior performance: CANSSR [3§]]
ranked 6th in Track 1, MFFSSR [39] ranked 7th in Track 1 and 9th in Track 2. Notably, our proposed
DIFFSSR surpasses SwinFIRSSR across all four benchmark datasets, which provides compelling
evidence for the effectiveness of our methodology. Our DIFFSSR also achieves higher performance
than them.

B Limitations and Future Work

This work represents the first exploration of the Differential Transformer in visual tasks, specifically
focusing on stereo image super-resolution (StereoSR). While the proposed DIFFSSR achieves state-
of-the-art performance in StereoSR, its current design is tailored exclusively for this specific task.
The adaptability and generalizability of the Differential Transformer to other visual domains (e.g.,
image classification, object detection, semantic segmentation) remain unexplored. Additionally, the
computational complexity of the Sliding Stereo Cross-Attention Module (SSCAM) increases with
larger window sizes, which may affect real-time applications despite the optimal balance achieved
with a window size of 3.

Future work will focus on generalizing the DIFF Transformer framework to diverse vision tasks.
For instance, investigating its potential in image classification by adapting the differential attention
mechanism to hierarchical feature learning, or exploring its use in dense prediction tasks like detection
and segmentation, could validate its broader utility.

C Additional Visual Results

In this part, we provide additional visual results compared to the SOTA method.
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Figure 7: Visual results (x4) achieved by different methods on the Flickr1024 dataset.
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Figure 8: Visual results (x4) achieved by different methods on the Flickr1024 dataset.
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Figure 9: Visual results (x4) achieved by different methods on the Flickr1024 dataset.
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Figure 10: Visual results (x4) achieved by different methods on the KITTI2012 dataset.
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Figure 11: Visual results (x4) achieved by different methods on the Flickr1024 dataset.
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