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Fig.1: (a) Window-based self-attention groups tokens according to spatial proxim-
ity and restricts attention candidates within each window, resulting in attention maps
that are symmetric along the diagonal. (b) Category-based self-attention groups tokens
based on coarse texture similarity, but still lacks flexibility due to predefined grouping,
and similarly produces symmetric attention patterns. (c) Our proposed Individualized
Exploratory Attention (IET) allows each token to adaptively and asymmetrically ex-
plore one-way neighbors, leading to inherently asymmetric attention maps.

Abstract. Single Image Super-Resolution (SISR) is a fundamental com-
puter vision task that aims to reconstruct a high-resolution (HR) im-
age from a low-resolution (LR) input. Transformer-based methods have
achieved remarkable performance by modeling long-range dependencies
in degraded images. However, their feature-intensive attention compu-
tation incurs high computational cost. To improve efficiency, most ex-
isting approaches partition images into fixed groups and restrict atten-
tion within each group. Such group-wise attention overlooks the inher-
ent asymmetry in token similarities, thereby failing to enable flexible
and token-adaptive attention computation. To address this limitation,
we propose the Individualized Exploratory Transformer (IET), which in-
troduces a novel Individualized Exploratory Attention (IEA) mechanism
that allows each token to adaptively select its own content-aware and
independent attention candidates. This token-adaptive and asymmetric
design enables more precise information aggregation while maintaining
computational efficiency. Extensive experiments on standard SR bench-
marks demonstrate that IET achieves state-of-the-art performance under
comparable computational complexity. The code is available at |here.


https://github.com/CVL-UESTC/IET.git
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1 Introduction

Image Super-Resolution (SR) aims to reconstruct clear and detailed high-resolution
(HR) images from low-resolution (LR) inputs. It plays an important role in en-
hancing perceptual quality and providing reliable visual details for applications
such as medical imaging, satellite observation, and video surveillance. However,
since one LR image can correspond to multiple possible HR versions, SR remains
an ill-posed and challenging task in computer vision.

Earlier SR methods mainly used Convolutional Neural Networks (CNNs) [9,
10},141|19,/24], which extract features through shared convolutional kernels, and
have achieved promising reconstruction results. Recently, Transformer-based meth-
ods [41/23]/441/47] have been increasingly applied to image reconstruction, employ-
ing a more complex self-attention mechanism that learns feature relationships
adaptively instead of fixed kernels. This improvement allows Transformers to
capture more flexible and diverse feature representations.

Although the self-attention mechanism in Transformers enables tokens to
leverage information from others, its computational complexity grows quadrati-
cally with the number of tokens. To efficiently handle the large number of tokens
in image data, most methods restrict self-attention computation so that each to-
ken interacts with only a limited subset of others. Window-based self-attention
is the most common approaches used for this purpose, where an image is divided
into local windows, and tokens attend only to the others within the same win-
dow [51/26,[27]. This design focuses on local feature aggregation but limits the
receptive field. To overcome this limitation, another line of research, known as
category-based self-attention, defines attention calculation according to semantic
content |25/43|. Specifically, these methods first categorize all tokens into several
classes, then further divide each class into groups, and finally apply attention
calculation within each group. Essentially, this strategy reorders the image by
grouping semantically similar tokens together, allowing them to mutually assist
in reconstruction. These methods consider image content when defining atten-
tion, but they still restrict computation within each group, preventing tokens
from interacting with others in the same category. Moreover, the accuracy of
category boundaries still needs further improvement, as it is difficult to parti-
tion tokens into sufficiently fine-grained classes. Significant variation often exists
among tokens within the same category, while boundary tokens are unable to
interact with more relevant tokens from other categories.

Overall, the above window-based and category-based self-attention methods
both fall under grouped attention, which limits the flexibility of individual to-
kens as they neglect the asymmetric nature of similarity. In super-resolution, a
token may need to pull information from several other tokens to recover fine
structures, while those tokens do not need anything in return from the original
one. If this directional relation is not modeled, information flow becomes redun-
dant and the reconstruction is suboptimal. An ideal SR model should allow each
token to flexibly search for its own one-way similar neighbors across a wide spa-
tial range, forming individualized attention candidates that best support feature
aggregation. By contrast, grouped attention imposes rigid group boundaries and
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encourages symmetric aggregation within groups, which restricts the ability of
a token to choose the sources it truly needs. Modeling asymmetric and individ-
ualized relations is thus crucial for restoring complex textures and preserving
structures.

In this paper, we propose a novel Individualized Exploratory Attention (IEA)
mechanism that connects adjacent attention blocks to progressively select content-
aware and asymmetric one-way attention candidates, as shown in Fig. [l We
leverage the attention map from previous blocks to adjust the similarity rela-
tionships: if token A is similar to B, and B is similar to C in the preceding
layer, it is very likely that A is similar to C in subsequent layers, and vice versa.
Specifically, in the first block, each token attends only to nearby regions centered
on itself. In subsequent blocks, a propagation mechanism allows connection to
new long-range similar neighbors, thereby establishing more comprehensive sim-
ilarity relationships. Meanwhile, a sparsification mechanism is applied to remove
low-similarity tokens identified in earlier layers, maintaining an appropriate at-
tention candidates. IEA operates as a dynamic process, starting from a local
attention scope and progressively evolving into a content-aware and long-range
one through layer-wise refinement. Under comparable computational budgets,
our SR model can effectively identify suitable one-way attention candidates over
a broader spatial range, leading to improved super-resolution quality.

The main contributions of this paper are as follows:

— We propose a Individualized Exploratory Attention (IEA) mechanism that
enables content-aware and token-adaptive attention candidates selection.
IEA progressively expands the attention candidates with new similar tokens
while pruning low-similarity ones for efficiency.

— We develop the Individualized Exploratory Transformer (IET), which utilizes
the IEA mechanism to effectively select high-quality attention candidates. As
aresult, IET can flexibly capture global dependencies without compromising
computational efficiency.

— Extensive experiments on standard super-resolution benchmarks demon-
strate that our method outperforms recent state-of-the-art approaches under
comparable computational budgets, and ablation studies validate the effec-
tiveness of each proposed component.

2 Related Work

Transformer-based SR. Over the past decade, deep learning has greatly ad-
vanced single-image super-resolution (SR). Starting from SRCNN [10], which
introduced deep learning to SR with a simple three-layer CNN, numerous stud-
ies have explored various architectural enhancements to boost performance [8}{13]
194|20L24L31H33L|45L[46]. VDSR [19] deepened the architecture, while DRCN [20]
adopted a recursive design. EDSR [24] and RDN [46] refined residual blocks, fur-
ther enhancing CNN-based SR. Inspired by Transformers 36|, attention mecha-
nisms were introduced to visual tasks—Wang et al. [39] first integrated non-local
attention into CNNs, demonstrating its effectiveness. Subsequent works, such as
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CSNLN [32| and NLSA [31], leveraged cross-scale and sparse attention to better
capture long-range dependencies while improving computational efficiency.

Subsequently, with the introduction of ViT [12| and its variants [7}26}38],
the efficacy of pure Transformer-based models in image classification has been
established. IPT [3] first introduces a pre-trained Transformer network to vari-
ous image restoration tasks, demonstrating the strong representation capability
of large-scale Transformers. Then, SwinIR [23] and CAT [5| employ window-
based self-attention mechanisms to model local dependencies efficiently, where
SwinIR, utilizes shifted windows to aggregate features within a local area, and
CAT further improves cross-window interaction through rectangular-window at-
tention and axial shifting. Building on these ideas, HAT [4] enlarges the attention
window and incorporates channel attention to extend the receptive field, while
PFT |27] adopts sparse attention to further expand the interaction range with-
out significantly increasing computational cost. Beyond window-based strategies,
ATD [43] introduces category-based self-attention, which groups tokens with
similar semantic characteristics to achieve content-aware feature aggregation.
Recently, CATANet |25] further improves both the feature aggregation process
and the handling of category boundaries. In addition, IPG [34] improves SR by
prioritizing detail-rich pixels to enhance reconstruction. In this paper, building
upon the effectiveness of the attention mechanism in image SR, we propose a
IET method that lets tokens to independently explore and select most relevant
neighbors from the global space through IEA, thereby enables content-aware and
token-adaptive attention candidates selection with low computational cost.
Transformer with Sparse Attention. Sparse attention reduces computa-
tional complexity by restricting attention candidates. Existing methods typically
partition feature maps into rigid groups: for example, SwinIR 23] groups tokens
by spatial windows, ART [42] adopts dilated windows, NLSA [31] assigns to-
kens via hash buckets, and ATD [43] clusters them with learnable centers. In
contrast, IEA enables token-adaptive attention candidates. Starting from local
neighborhoods, it progressively expands the receptive field through similarity
propagation, allowing each token to identify the most relevant neighbors and
thereby achieving both accurate and efficient attention computation.

3 Methodology

3.1 Motivation

Self Attention. Self-attention [36], the core operation of Transformers, mea-
sures token similarity and aggregates features through attention weights. Given
Q, K,V € RV*X4 it can be expressed as

Ago = Softmax(QKT /\/&) . Osa = AV (1)
where N and d denote the number and dimension of tokens respectively, A, €

RNV*N denotes the attention map, and Oy, € RY*? denotes the output. De-
spite its effectiveness, the quadratic computational complexity and redundant
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Fig. 2: Asymmetry and repetition of sim- Fig. 3: The propagation mechanism.
ilarity relationships, the yellow grids rep-
resents 32x32 windows.

interactions among dissimilar tokens significantly limit its efficiency and scal-
ability. For efficiency, grouped attention is commonly adopted, which roughly
clusters tokens into groups to improve super-resolution performance. However,
it overlooks the asymmetric nature of similarity: token A may need to aggregate
information from token B, while B does not necessarily require A. Therefore,
an ideal SR model should adaptively capture such asymmetric relationships and
avoid restricting each token within rigid groups.

Individualized Attention. We analyze token-wise similarity using the atten-
tion maps of global self-attention. As illustrated in Fig. [2] similar neighbors are
sparsely distributed over a region far beyond local windows and do not follow
fixed spatial priors. This observation is consistent with prior findings: window-
based methods often yield suboptimal performance, while enlarging receptive
fields via fixed dilated windows brings only limited gains. Motivated by this in-
sight, we allow tokens to attend to any arbitrary k tokens across the entire feature
map, reducing the complexity of global self-attention in Eq. [1] from O(N?) to
O(kEN). We first introduce the concept of individualized attention, where each
token maintains its own asymmetric and independent set of attention candi-
dates. Specifically, individualized attention is implemented via an index matrix
I € RV*F which explicitly records the global indices of the k& most similar neigh-
bors for each token. This formulation yields a flexible attention mechanism: when
I covers all tokens, it reduces to standard self-attention; when restricted to a lo-
cal window, it becomes window-based self-attention. Formally, the individualized
attention is proposed as in the following equation

Ao = Softmax(SMM(Q, K, 1)/Vd), (2)

Oia = SMM(Aia7 Vvv I)7 (3)

where SMM denotes sparse matrix multiplication, A;, € RY** denotes the in-
dividualized attention map, and O;, € RV*? denotes the final output. In the
individualized attention, the optimization of selecting attention candidates is
explicitly simplified into the optimization of the index I.

Individualized Exploratory Attention. To assign token-adaptive and ac-
curate attention candidates, we propose a propagation mechanism. We observe
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Fig. 4: The proposed individualized exploratory attention. We first apply the spar-
sification mechanism to prune neighbors with low similarity, and then employ the
propagation mechanism to explore new two-hop neighbors.

that similar tokens tend to share overlapping neighborhoods, which enables ef-
ficient receptive field expansion by exploring higher-order connections in the
similarity graph. As illustrated in Fig. [3] the initial attention candidates are
confined to token-centered local neighborhoods. In subsequent blocks, the can-
didate set progressively propagates toward more correlated regions, resulting in
a semantics-aware expansion of the receptive field and allowing each token to
identify more suitable bases for reconstruction.

3.2 Individualized Exploratory Attention

In IEA, consecutive attention blocks are connected to enable progressive refine-
ment of attention candidates. We propose a propagation mechanism that effi-
ciently enlarges the receptive field by exploring higher-order neighbor relations.
To further reduce computational cost, we introduce a sparsification strategy that
prunes low-relevance connections and skips unnecessary attention computations.
Specifically, the first block initializes with a locally restricted neighborhood, es-
tablishing a compact and computationally efficient foundation. In the following
blocks, the propagation mechanism promotes second-hop neighbors identified in
the previous layer to direct candidates, thereby broadening the attention cov-
erage and capturing longer-range dependencies. Meanwhile, the sparsification
mechanism removes connections that have been proved to exhibit low similar-
ity, effectively enhancing the selectivity of attention computation. Through this
iterative process of propagation and sparsification across layers, IEA gradually
evolves into a content-aware and token-adaptive attention structure, achieving
flexible feature aggregation under comparable computational budgets. The fol-
lowing subsections will introduce our attention candidates initialization meth-
ods, propagation and sparsification mechanisms in detail and explain how the
attention candidates are optimized layer by layer.

Attention Candidates Initialization. As described above, IEA initializes a
local attention scope in the first block, and progressively expands it in later
blocks. A practical challenge is to ensure that every token discovers two-hop
neighbors distinct from its one-hop ones. Following the principles of Expander
Graphs, this property holds if each node has a unique neighborhood. To meet
this requirement, we first consider to define a local attention scope centered on
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each token. Although this initialization satisfies the requirement, the attention
scope of adjacent tokens overlap significantly, leading to a decrease in prop-
agation efficiency. To address this issue, we propose a dilation strategy, which
performs dense attention computation within a small region while uniformly and
sparsely sampling tokens from a larger area. For the distant region, one token are
uniformly sampled from each d x d patch and added to the attention candidates,
where d is a predefined dilation factor. This design enables tokens to capture
detailed local information as well as coarse global context, thereby achieving a
larger initial receptive field. The choice of d will be explored in ablation studies.

Our initialization strategy shares a superficial similarity with conventional
sparse window designs in that it relies on spatial priors. However, unlike tra-
ditional window-based methods that treat such spatial grouping as the final
attention structure, our design uses it only as a coarse starting point. Although
this spatially driven dilation yields limited direct gains, it provides diverse initial
candidates that are subsequently refined through semantics-aware propagation,
forming a coarse-to-fine construction of token-adaptive attention.

Propagation and Sparsification. For the subsequent blocks, we introduce
Propagation and Sparsification mechanisms to progressively refine the atten-
tion candidates. Specifically, given @', K! € RN*P and the initial attention
candidates Il € RN kam,’ we can compute the individualized attention map
AL eRYN *kin according to the individualized attention mechanism as in Eq
Specifically, we first perform sparsification mechanism on AlCal to remove tokens
with low attention scores, preserving only those strongly correlated with the
query token. For token i, this process is achieved through the following formula:

Si = TOpK(Af:al[ia :]7 ké)
Ai[la]:{Aéal[l7]] ‘]ESl} (4>

L[] = {1yl 1 € Si}
where TopK(-) denotes the operation that selects the indices of the top-K ele-
ments with the highest values. Then, with Aé, Ié € RNin, and V! € RVXD we
can compute the output O as in Eq.|3| After that, our goal is to perform propaga-
tion mechanism on I! and Al to obtain more optimal candidates I , € RY Xklout,
which will then serve as the initial attention candidates Illr‘f ! for the next block.
Due to the high computational cost of exploring all two-hop neighbors, we adopt

a simplified and efficient approximation strategy. For token i, we first select the
top k% one-hop neighbors with the highest attention scores:

N = {1l]i,j] | j € TopK(AL[i, ], k) } (5)

where Ni(l) represents the one-hop neighbor set of the token 7. Then for every
selected one-hop neighbor u € Ni(l), we still select its top k) one-hop neighbors:

N = {I{[u,v] | v € TopK(Al[u,:], k) } (6)
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Fig. 5: The proposed Similarity-Fused Feed-Forward Network (SF-FFN), which en-
ables cross-channel feature interaction among semantically similar tokens.

Next, we can union all the one-hop neighbors of token u to obtain the two-
hop neighbors of token i, and finally merge the one- and two-hop neighbors as:

N = U,y N (7)

ueNi(1>

L= Dedup(Isl U N<2>) (8)

where U(-) denotes the union, and Dedup(-) denotes the removal of duplicated
elements to form a unique set.

The proposed propagation mechanism operates under a locally optimal prin-
ciple, enlarging the attention scope toward the directions of highest similarity
at the current stage. This enables a more comprehensive exploration of poten-
tial attention candidates. Meanwhile, the sparsification mechanism prunes low-
similarity neighbors, preserving the core relational structure while reducing com-
putational complexity. The overall architecture of IEA is illustrated in Fig. [4]
Notably, directly computing the sparse matrix multiplication (SMM) with dense
matrix operations is highly inefficient. Thus we modify a CUDA-based sparse
matrix multiplication framework to suit our setting, enabling efficient indi-
vidualized attention computation.

3.3 Similarity-Fused FFN

The Feed-Forward Network (FFN) is an important component of Transformer-
based architectures, which is traditionally viewed as a token-wise nonlinear map-
ping. Then several works introduce convolution operations into the
FFN to enhance local feature fusion.

We further propose the Similarity-Fused Feed-Forward Network (SF-FFN),
which exploits the refined token similarities obtained from IEA and enables the
fusion of highly correlated tokens. As shown in Fig. [5] the SF-FFN selects the
most similar neighbors Ipighest for each token based on the updated neighbor
indices Ij,. It then replaces each token in the input feature map xj, with its
most similar neighbor to obtain zg,, and finally fuses the two representations.
Specifically, we use a head-wise MLP and depthwise convolution as the fusion
module, which introduces only a very small amount of extra computational cost.
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From the perspective of the entire Transformer architecture, the SF-FFN
provides an important complement to the attention module, whose capacity for
cross-channel interaction is inherently limited. In particular, when IEA supplies
more comprehensive and accurate similarity relationships, SF-FFN can effec-
tively enhance information exchange among highly correlated tokens.

3.4 The Overall Network Architecture

The overall architecture of IET follows the design commonly used in recent
state-of-the-art Transformer-based SR models [4,23//43|. However, we replace the
standard self-attention blocks and feed-forward networks with our proposed IEA
block and SF-FFN, respectively Notably, we apply relative positional encoding
only in the first block, where the attention scope is still local. For the remaining
layers, we utilize LePE positional encoding [11] directly instead. Moreover, a
progressive attention mechanism [27] is incorporated into each block to refine and
model similarity relationships with greater precision. For classical SR, the IET
network consists of 8 blocks, each containing 4 attention layers. It adopts multi-
head attention with 6 heads and uses a total of 240 channels. For lightweight SR,
the IET-light network also consists of 8 blocks, each containing only 3 layers. It
uses 3 attention heads with 54 total channels. For all models, we only perform
propagation mechanism in the last layer of first four blocks, with k; being [22,
20, 14, 12|, ks being [12, 10, 7, 6] respectively.

4 Experiments

4.1 Experiment Setting

We train our model on the DF2K dataset, which is constructed by merging
DIV2K [35] and Flickr2K [24]. The model is optimized for 500K iterations using
the Muon [18] optimizer with an initial learning rate of 2 x 10~%. The model is
initially trained on image patches of size 50 x 50 with a batch size of 60, and
subsequently fine-tuned using 75 x 75 patches with a reduced batch size of 30.
Moreover, we employ a MultistepLLR scheduler, which reduces the learning rate
by half at specified iterations [250000, 400000, 450000, 475000]. Furthermore, all
computational cost measurements reported in this paper are based on outputs
with a spatial resolution of 1280 x 640.

4.2 Ablation Study

We conduct ablation studies on the proposed IET-light model, with all models
trained for 250k iterations on the DIV2K dataset at x4 scale.

Effects of Propagation and Sparsification Mechanism. In order to demon-
strate the effectiveness of the key design choices in the proposed individual-
ized exploratory transformer (IET) model, we establish five models with differ-
ent component combinations and evaluate their performance on Urban100 and
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Table 1: Ablation study on the effects of  Table 2: Ablation on the number of prp-

each component. pagation steps.
Propagation | Sparsification | SF-FFN | FLOPs| PSNR (dB) Propagation Depth|FLOPs| Set5 |Urban100|Mangal09
180.4G | 26.17 / 30.58 1 65.4G | 32.29 26.52 30.70
v 61.2G | 26.28 / 30.66 2 68.5G | 32.35 26.66 30.81
v 215.9G | 26.91 / 30.92 3 69.1G | 32.48 26.83 30.97
v v 68.9G | 26.96 / 31.05 4 69.5G |32.55 27.03 31.09
v v v 69.5G |27.03 / 31.09 5 69.8G | 32.53 26.96 31.05

Table 3: Ablation on dilation settings. Table 4: Ablation on the ratio of k1 to k2
in propagation, evaluated on Urban100.

d for Train 1 2 3 2 2
d for Infer 1 2 3 3 4 k1/ko 0.5 1 2 3
PSNR (dB) |26.86 26.97 26.99 27.03 27.02 PSNR(dB)[26.98 27.01 27.03 27.00

Mangal09 datasets, as shown in Table [I] The first row represents the baseline
model, where all modules are disabled. This configuration is equivalent to dilated
attention, meaning that all modules use the same fixed attention candidate.

The second model, which enables the sparsification mechanism, shows a
marginal improvement of about 0.11 dB on Urban100 and 0.08 dB on Mangal09.
Skipping low-correlation attention computations not only reduces computational
cost but also improves performance. This suggests that spatially initialized at-
tention candidates contain a large number of weakly related neighbors, which
are not only computationally redundant but can even degrade performance. The
third model introduces the propagation mechanism, achieving a significant im-
provement of about 0.66 dB on Urban100 and 0.29 dB on Mangal09. The prop-
agation mechanism not only compensates for the coarse nature of the initial
dilation-based expansion but also further extends the receptive field. Simply
introducing direct connections to two-hop neighbors brings considerable per-
formance improvement, highlighting the importance of relational propagation
beyond local neighborhoods. The fourth model, combining the propagation and
sparsification, improves PSNR by 0.79 on Urbanl0 and 0.47 dB on Mangal09
compared with the baseline. The final model integrates SF-FFN based on the
fourth one, achieving an improvement of 0.07 dB on Urban100 and 0.04 dB on
Mangal09. SF-FFN concatenates similar tokens along the channel dimension be-
fore projection, thereby introducing cross-channel interactions. This design effec-
tively complements the attention mechanism, which lacks explicit cross-channel
modeling capability.

Importantly, the primary performance gain comes from the propagation mech-
anism. While dilated initialization expands attention candidates based solely on
spatial proximity, it remains a coarse expansion strategy. Its role is mainly to pro-
vide sufficiently diverse initial neighbors for subsequent relational exploration. In
contrast, propagation performs semantic-level expansion by exploring neighbors
of neighbors, effectively introducing meaningful long-range dependencies. This
relational reasoning over two-hop connections accounts for the major improve-
ment. Sparsification brings a modest performance gain, but its principal benefit
lies in reducing computational redundancy by removing weakly correlated con-
nections. Moreover, the SF-FFN introduces explicit cross-channel interactions
to further improve the model.
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Table 5: Ablation on SF-FFN placement  Table 6: Ablation on the number of sim-
across the final blocks. 0 block from last ilar tokens fused in SF-FFN. 0 similar to-

denotes that there is no SF-FFN. ken denotes that there is no SF-FFN.
Blocks (from last)| 0 1 2 3 Fused Similar Tokens| 0 1 2
PSNR 26.96 27.00 27.03 27.02 PSNR 26.96 27.03 26.97

Effects of Propagation Depth. We apply the propagation mechanism only
in the last layer of each block to ensure stability. To study how many blocks
should incorporate the propagation mechanism, we evaluate models with dif-
ferent numbers of propagation steps applied in the earlier blocks. As shown in
Tab. 2] using four propagation steps achieves the best performance. This result
indicates that propagation is effective for exploring new neighbors and enrich-
ing attention candidates. Meanwhile, applying propagation too late or too fre-
quently may introduce unstable or noisy long-range candidates, suggesting that
later blocks require higher accuracy in similarity modeling and benefit less from
excessive propagation.

Effects of Dilation on Attention Candidates Initialization. In IET, the
attention candidate initialization uniformly samples tokens from each d xd patch,
where the dilation factor d determines the spatial sampling density. Different
dilations can be used during training and inference since dilation only affects
attention candidate selection, not model parameters. In general, a larger d corre-
sponds to a wider initial receptive field , allowing tokens to access more distant
contextual information, while d = 1 restricts attention to the local neighbor-
hood. As shown in Tab. [3] increasing d during both training and inference ef-
fectively broadens the receptive field and enhances feature aggregation, leading
to improved reconstruction quality. However, beyond d = 3, the performance
gain saturates, suggesting that excessively long-range dependencies contribute
marginally to SR recovery. Moreover, during training, using d = 2 achieves
slightly better results than d = 3, as a smaller dilation allows for smaller patches
and thus larger batch sizes, leading to more stable optimization. This experiment
also verifies that the similarity modeling in attention is weakly correlated with
spatial distance, highlighting the rationality of selecting attention candidates ac-
cording to image content rather than fixed spatial positions. Finally, we adopt
d = 2 for training and d = 3 for inference in our IET model.

Effects of k; /k2 Ratio on Propagation. In our IEA, tokens first selects their
k1 most similar token as one-hop neighbors, and then collects ko most similar
tokens for each one-hop neighbor to obtain two-hop neighbors. We further study
the impact of the ratio between k; and ko on reconstruction performance. As
shown in Tab. 4] the model achieves the best results when ky /ks = 2, suggesting
that appropriately enlarging the one-hop neighbor set improves stability and
enhances the effectiveness of the propagation.

Effects of SF-FFN. Our network consists of 8 Transformer blocks, and we ex-
plore the effect of inserting the proposed SF-FFN at different positions. As shown
in Tab. 5| placing SF-FFN in the early blocks yields limited improvement since
the attention maps at early stages are relatively noisy and cannot accurately rep-
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Table 7: Quantitative comparison (PSNR/SSIM) with state-of-the-art methods on
classical SR task. The best and second best results are colored with red and blue.
Results on x3 model are presented in the supplementary material.

Set5 Setl4 BSD100 Urbanl100 | Mangal09
Method Scale| Params| FLOPS| oo\ gs1M |[PSNR SSIM |[PSNR SSIM |PSNR SSIM |PSNR SSIM
EDSR |24 X2 | 42.6M |22.14T | 38.11 0.9602] 33.92 0.0195| 32.32 0.9013] 32.93 0.9351| 39.10 0.9773
RCAN x2 | 154M | 7.02T |38.27 0.9614| 34.12 0.9216|32.41 0.9027| 33.34 0.9384| 39.44 0.9786
HAN %2 | 63.6M | 7.24T |38.27 0.9614| 34.16 0.9217|32.41 0.9027| 33.35 0.9385|39.46 0.9785
IPT x2 | 115M | 7.38T |3837 - |3443 - |3248 - |3376 - - B
SwiniR [23] x2 | 11.8M | 3.04T |38.42 0.9623|34.46 0.9250|32.53 0.9041|33.81 0.9433|39.92 0.9797
CAT-A [5] x2 | 16.5M | 5.08T |38.51 0.9626|34.78 0.9265| 32.59 0.0047| 34.26 0.9440| 40.10 0.9805
ART [£2] %2 | 16.4M | 7.04T |38.56 0.9629|34.59 0.9267| 32.58 0.0048| 34.30 0.9452| 40.24 0.9808
HAT (1] x2 | 20.6M | 5.81T |38.63 0.9630| 34.86 0.9274|32.62 0.9053| 34.45 0.9466|40.26 0.9809
MambalRv2-B [I5]| x2 | 22.9M | 6.27T |38.65 0.9631|34.89 0.9275| 32.62 0.9053| 34.49 0.9468| 40.42 0.9810
IPG [34] %2 | 18.1M | 5.35T | 38.61 0.9632| 34.47 0.9270|32.60 0.9052| 34.48 0.9464| 40.24 0.9810
ATD 73] x2 | 201M | 6.07T |38.61 0.9620|34.95 0.9276| 32.65 0.0056| 34.70 0.9476| 40.37 0.9810
PFT [27] x2 | 19.6M | 5.03T |38.68 0.9635|35.00 0.9280| 32.67 0.0058|34.90 0.9490| 40.49 0.9815
IET (ours) x2 | 19.7M | 5.02T | 38.74 0.9636|35.09 0.9286| 32.71 0.0064| 35.07 0.9499| 40.61 0.9816
EDSR |24 X3 | 43.0M | 0.82T | 34.65 0.9280] 30.52 0.8462] 20.25 0.8093] 28.80 0.8653] 34.17 0.9476
RCAN X3 15.6M 3.12T | 34.74 0.9299| 30.65 0.8482|29.32 0.8111| 29.09 0.8702| 34.44 0.9499
HAN X3 | 64.2M | 3.21T |34.75 0.9299| 30.67 0.8483|29.32 0.8110| 20.10 0.8705| 34.48 0.9500
IPT %3 | 116M | 3.28T |34.81 - |30.85 - |29.38 - |2049 - - -
Swin ¥3 | 1LOM | 1.35T |34.97 0.9318| 30.93 0.8534| 29.46 0.8145| 20.75 0.8826|35.12 0.9537
CAT-A [7 x3 | 16.6M | 2.26T |35.06 0.9326|31.04 0.8538]20.52 0.8160| 30.12 0.8862| 35.38 0.9546
ART [42] %3 | 16.6M | 3.12T |35.07 0.9325|31.02 0.8541| 29.51 0.8150| 30.10 0.8871| 35.39 0.9548
HAT (1] %3 | 20.8M | 2.58T |35.07 0.9320|31.08 0.8555] 29.54 0.8167|30.23 0.8896| 35.53 0.9552
Mamba. R,VQ-B X3 23.1M 2.78T | 35.18 0.9334| 31.12 0.8557|29.55 0.8169| 30.28 0.8905| 35.61 0.9556
PG [34] x3 | 18.3M | 2.39T | 35.10 0.9332| 31.10 0.8554| 29.53 0.8168| 30.36 0.8901| 35.53 0.9554
ATD [43] x3 | 20.3M | 2.69T | 35.11 0.9330| 31.13 0.8556| 29.57 0.8176| 30.46 0.8917|35.63 0.9558
PFT (7] x3 | 19.8M | 2.23T |35.15 0.9333|31.16 0.8561| 20.58 0.8178|30.56 0.8931| 35.67 0.9560
IET (ours) x3 | 19.9M | 2.25T |35.20 0.9337|31.23 0.8571| 20.61 0.8185| 30.81 0.8966| 35.82 0.9566
EDSK |24 X4 | 43.0M | 5.54T [32.46 0.8963| 28.80 0.7876] 27.71 0.7420] 26.64 0.8033] 31.02 0.0148
RCAN x4 | 15.6M | 1.76T |32.63 0.9002|28.87 0.7889| 27.77 0.7436| 26.82 0.8087| 31.22 0.9173
HAN x4 | 64.2M | 1.81T |32.64 0.9002|28.90 0.7890| 27.80 0.7442| 26.85 0.8094| 31.42 0.9177
IPT x4 | 116M | 1.85T |32.64 - |209.01 - |27.82 - |27.26 - : ,
Swin x4 | 1LOM | 0.76T |32.92 0.9044| 20.00 0.7950| 27.92 0.7489| 27.45 0.8254| 32.03 0.9260
CAT-A | x4 | 16.6M | 1.27T | 33.08 0.9052| 20.18 0.7960| 27.99 0.7510| 27.89 0.8339|32.39 0.9285

x4 16.6M | 1.76T |33.04 0.9051|29.16 0.7958|27.97 0.7510| 27.77 0.8321| 32.31 0.9283

HAT (4] x4 | 20.8M | 1.45T |33.04 0.9056|29.23 0.7973| 28.00 0.7517| 27.97 0.8368| 32.48 0.9292
MambalRv2-B x4 | 23.1M | 1.57T | 33.14 0.9057|29.23 0.7975| 28.00 0.7511| 27.89 0.8344| 32.57 0.9295
PG m x4 17.0M | 1.30T | 33.15 0.9062|29.24 0.7973|27.99 0.7519| 28.13 0.8392| 32.53 0.9300
ATD 43| x4 | 20.3M | 1.52T | 33.10 0.9058|29.24 0.7974| 28.01 0.7526| 28.17 0.8404| 32.62 0.9306
PFT ﬁ x4 19.8M | 1.26T 15 0.9065|29.29 0.7978] 28.02 0.7527| 28.20 0.8412| 32.63 0.9306

IET (ours) x4 19.8M | 1.26T 3.22 0.9069| 29.35 0.7994| 28.06 0.7536| 28.43 0.8464| 32.81 0.9318

resent token similarity. In contrast, inserting SF-FFN in the later blocks allows
it to operate on more stable attention patterns, leading to better reconstruction
performance. The best results are achieved when SF-FFN is placed after the last
two blocks. we conclude that attention maps in the later blocks represent more
accurate similarity relationships, making them more suitable for cross-channel
fusion in SF-FFN. We further analyze how many similar tokens should be fused
in the SF-FFN. As shown in Tab.[6] when each token interacts with only its most
similar neighbor, the model achieves the best trade-off between performance and
efficiency. Using more neighbors introduces redundant information and slightly
degrades reconstruction accuracy. From these results, we draw a conclusion that
in the SR task, where high-precision similarity is critical, each token benefits
most from cross-channel interaction with only its single most similar neighbor.
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Table 8: Quantitative comparison (PSNR/SSIM) with state-of-the-art methods on
lightweight SR task. The best and second best results are colored with red and blue.
Results on x3 model are presented in the supplementary material.

Set5 Setl4 BSD100 Urbanl00 | Mangal09
‘Me“‘"d Scale| Params | FLOPS|pg\ R so1v | PSNR SSIM |PSNR_SSIM [PSNR SSIM |PSNR. SSIM
CARN |1 X2 | 1,502K | 222.8C | 37.76 0.0500] 33.52 0.9166] 32.00 0.8078| 31.02 0.0256] 35.36 0.9765
IMDN x2 | 694K |158.8G | 38.00 0.9605|33.63 0.9177|32.19 0.8996|32.17 0.9283| 38.88 0.9774
LAPAR- x2 | 548K | 171G |38.01 0.9605|33.62 0.9183|32.19 0.8999|32.10 0.9283| 38.67 0.9772
LatticeNet x2 | 756K |169.5G | 38.15 0.9610| 33.78 0.9193| 32.25 0.0005|32.43 0.9302| - -
SwinIR-light x2 | 910K | 244G |38.14 0.9611|33.86 0.9206|32.31 0.9012|32.76 0.9340|39.12 0.9783
ELAN X2 | 582K | 203G |38.17 0.9611|33.94 0.9207| 32.30 0.9012|32.76 0.9340|39.11 0.9782
SwinlR-NG [g] x2 | 181K |274.1G | 3817 0.9612|33.94 0.9205( 3231 0.9013|32.78 0.9340(39.20 0.9781
OmniSR x2 | 772K |194.5G | 38.22 0.9613|33.98 0.9210|32.36 0.9020| 33.05 0.9363|39.28 0.9784
MambalRvZ-light X2 | 7T7AK |286.3G | 38.26 0.9615|34.09 0.9221|32.36 0.901933.26 0.9378| 39.35 0.9785
IPG-Tiny [34] x2 | 872K |245.2G | 38.27 0.9616|34.24 0.9236] 32.35 0.901833.04 0.9359| 39.31 0.9786
ATD-light [43] x2 | 753K |348.6G | 38.28 0.9616|34.11 0.9217|32.39 0.9023|33.27 0.9376| 39.51 0.9789
PFT-light [27] x2 | 776K |278.3G | 38.36 0.9620| 34.19 0.9232| 32.43 0.9030| 33.67 0.9411|39.55 0.9792
IET-light (Ours) x2 | 783K |277.4G | 38.44 0.9624|34.28 0.9245(32.50 0.9038|34.03 0.9435(39.75 0.9794
CARN [1 X3 [ 1,592K [118.8G | 34.29 0.9255]30.20 0.8407] 20.06 0.8034] 28.06 0.8493] 33.50 0.6440
IMDN X3 | 703K | 715G |34.36 0.9270| 30.32 0.8417|29.09 0.8046| 28.17 0.8519| 33.61 0.9445
LAPAR-A [2] X3 | 544K | 114G |34.36 0.9267|30.34 0.8421|29.11 0.8054| 28.15 0.8523| 3351 0.9441
LatticeNet 28] x3 | 765K | 76.3G |34.53 0.9281|30.39 0.8424|29.15 0.8059| 28.33 0.8538| - -
SwinIR-light [23] %3 | 918K | 111G |34.62 0.9289| 30.54 0.8463|29.20 0.8082| 28.66 0.8624| 33.98 0.9478
ELAN x3 | 590K | 90.1G |34.61 0.9288|30.55 0.8463|29.21 0.8081|28.69 0.8624| 34.00 0.9478
SwinlR-N X3 | 1190K |114.1G | 34.64 0.9293| 30.58 0.8471| 29.24 0.8090| 28.75 0.8639| 34.22 0.9488
OmniSR X3 | 7SOK | 88.4G |34.70 0.9294| 30.57 0.8469| 29.28 0.8094|28.84 0.8656| 34.22 0.9487
MambalRvZ-light x2 | 781K |126.7G |34.71 0.9298|30.68 0.8483| 29.26 0.8098|29.01 0.8689| 34.41 0.9497
IPG-Tiny [34] x2 | 878K |109.0G |34.64 0.9202| 30.61 0.8470|29.26 0.809728.93 0.8666| 34.30 0.9493
ATD-light [43] x2 | 753K |154.7G | 34.70 0.9300| 30.68 0.8485| 29.32 0.8109|29.16 0.8710| 34.60 0.9505
PFT-light [27] x2 | 776K |123.5G |34.81 0.9305|30.75 0.8493|29.33 0.8116|29.43 0.8759| 34.60 0.9510
IET-light (Ours) x3 | 790K |123.1G [ 34.90 0.9314| 30.83 0.8504] 20.41 0.8135| 29.75 0.8808| 34.89 0.9524
CARN |1 X4 [ 1,592K | 90.9G | 32.13 0.8937| 26.60 0.7806] 27.58 0.7349] 26.07 0.7837] 30.47 0.9084
IMDN x4 | TI5K | 40.9G |32:21 0.8948|28.58 0.7811| 27.56 0.7353|26.04 0.7838|30.45 0.9075
LAPAR-A [21] x4 | 659K | 94G |32.15 0.8944|28.61 0.7818| 27.61 0.7366|26.14 0.7871| 30.42 0.9074
LatticeNet |28] x4 | 777K | 43.6G | 3230 0.8962|28.68 0.7830| 27.62 0.7367| 26.25 0.7873| - -
SwinIR-light [23] x4 | 930K | 63.6G |32.44 0.8976|28.77 0.7858| 27.69 0.7406|26.47 0.7980( 30.92 0.9151
ELAN x4 | 582K | 54.1G | 3243 0.8975|28.78 0.7858| 27.69 0.7406|26.54 0.7982| 30.92 0.9150
SwinlR-NG [6] x4 | 1201K | 63G | 3244 0.8980| 28.83 0.7870| 27.73 0.7418|26.61 0.8010| 31.09 0.9161
OmniSR x4 | 792K | 50.9G |32.49 0.8988|28.78 0.7859(27.71 0.7415| 26.65 0.8018( 31.02 0.9151
IPG-Tiny [34] x4 | 887K | 61.3G | 3251 0.8987|28.85 0.7873| 27.73 0.741826.78 0.8050| 31.22 0.9176
MambalRvZ-Tight X2 | 790K | 75.6G | 3251 0.8992| 28.84 0.7878| 27.75 0.7426|26.82 0.8079| 31.24 0.9182
ATD-light X2 | 769K | 87.1G |32.62 0.8997| 28.87 0.7884| 27.77 0.7439|26.97 0.8107| 31.47 0.9198
PFT-light [27] X2 | 792K | 69.6G |32.63 0.0005|28.92 0.7891| 27.79 0.7445|27.20 0.8171| 3151 0.9204
IET-light (Ours) x4 | 801K | 69.4G |32.70 0.9019| 20.00 0.7908| 27.85 0.7464 27.41 0.8227| 31.73 0.9226

4.3 Comparison with State-of-the-Art Methods

We evaluate our model against various super-resolution baselines on standard
benchmark datasets, including Set5 , Setl14 , BSD100 7 Urban100 ,
and Mangal09 . The comparison covers both traditional and recent advanced
SR approaches, such as EDSR [24], RCAN [45], HAN [33|, SwinIR [23], CAT
ART [42], HAT [4], IPG [34], ATD [43], and PFT [27]. The performance of
all models is measured using PSNR and SSIM under x2, x3, and x4 upscaling
settings. Computational costs are evaluated at an output resolution of 1280 x 640.

The results shown in Table [7] indicate that with a similar number of pa-
rameters, the proposed IET model achieves significantly better performance
than PFT. Notably, on the x2 Urbanl00 benchmark, IET outperforms PFT
by 0.17dB and ATD by 0.37dB. For lightweight super-resolution, we further
compare our method with efficient SR networks such as CARN , IMDN |17],
LAPAR , SwinlR , ELAN 7 and OmniSR . As shown in Table |8]
the proposed IET-light consistently surpasses PFT-light on all benchmark
datasets. Specifically, on the x2 Urban100 dataset, IET-light exceeds PFT-light
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Fig. 6: Visual comparisons of IET and other SOTA image super-resolution methods.
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Fig. 7: Visualization of the attention candidates initialization and propagation process.
The yellow grids represents 32x32 windows, which is the largest window size used
among window-based methods.

by 0.36dB and ATD-light by 0.76dB. Moreover, IET-light outperforms SwinIR
by 0.02dB on Set5 and 0.22dB on Urban100, while requiring only 9.1% of the
total computational complexity. For the x4 SR setting, IET-light also achieves
a 0.21dB improvement over PFT-light and a 0.44dB gain over ATD-light on
Urban100. The strong performance of IET stems from the proposed Individu-
alized Exploratory Attention, which enables content-aware and token-adaptive
attention candidates, and then aggregates information among the tokens that
are most appropriate for feature enhancement.

We also provide some visual examples using different methods to qualitatively
verify the efficacy of IET, as shown in Fig[f] which clearly demonstrate our
advantage in recovering sharp edges and clean textures.

4.4 Visualization Analysis

We further visualize the refinement process of attention candidates in Fig. [7]
where yellow grids represent 32x32 windows and red points denotes attention
candidates. In the first block, the attention scope is initialized as a dense local
and sparse global region centered on each token. This allows every token to
accurately capture nearby information while roughly perceiving distant context,
providing rich initial cues for subsequent propagation. In the following blocks,
IEA gradually expands the attention candidates by aggregate with new two-hop
similar tokens while pruning low-similarity neighbors, maintaining efficiency with
comparable computational cost.
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5 Conclusion

We propose the Individualized Exploratory Transformer (IET), a content-aware
self-attention framework with token-adaptive candidate selection. Its core mod-
ule refines attention through propagation and sparsification, modeling asym-
metric similarity while reducing redundancy. This flexible and efficient design
achieves state-of-the-art results on super-resolution benchmarks and shows po-
tential for broader vision and language tasks.
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