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Abstract

Vision Transformers (ViTs) have revolutionized computer vi-
sion, yet their self-attention mechanism lacks explicit spa-
tial inductive biases, leading to suboptimal performance
on spatially-structured tasks. Existing approaches introduce
data-independent spatial decay based on fixed distance met-
rics, applying uniform attention weighting regardless of im-
age content and limiting adaptability to diverse visual sce-
narios. Inspired by recent advances in large language mod-
els where content-aware gating mechanisms (e.g., GLA,
HGRN2, FOX) significantly outperform static alternatives,
we present the first successful adaptation of data-dependent
spatial decay to 2D vision transformers. We introduce Spa-
tial Decay Transformer (SDT), featuring a novel Context-
Aware Gating (CAG) mechanism that generates dynamic,
data-dependent decay for patch interactions. Our approach
learns to modulate spatial attention based on both content
relevance and spatial proximity. We address the fundamental
challenge of 1D-to-2D adaptation through a unified spatial-
content fusion framework that integrates manhattan distance-
based spatial priors with learned content representations.
Extensive experiments on ImageNet-1K classification and
generation tasks demonstrate consistent improvements over
strong baselines. Our work establishes data-dependent spa-
tial decay as a new paradigm for enhancing spatial attention
in vision transformers.

Introduction
Vision Transformers (ViTs) (Dosovitskiy et al. 2020) have
fundamentally transformed computer vision and multimodal
tasks (Zhou et al. 2022, 2024c,a,b, 2025b,a,c; Mao et al.
2024a, 2023, 2024b), achieving state-of-the-art performance
across diverse tasks from image classification to genera-
tion (Peebles and Xie 2023). The cornerstone of their suc-
cess lies in the self-attention mechanism (Vaswani et al.
2017), which enables global receptive fields and long-range
dependency modeling by treating images as sequences of
patches. However, this design choice introduces a critical
limitation: the inherent permutation equivariance of self-
attention renders it agnostic to the 2D spatial structure of
images, treating spatially adjacent patches identically to dis-
tant ones.
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This spatial blindness poses significant challenges, as
models must learn fundamental spatial relationships purely
from data, often requiring extensive training to achieve satis-
factory performance. To this end, recent works have sought
to inject spatial inductive biases directly into the attention
mechanism. Retentive Networks (RMT) (Fan et al. 2024) ex-
emplify this approach by introducing data-independent spa-
tial decay matrices that apply fixed, distance-based attention
weighting according to spatial proximity. While providing
useful locality bias, this strategy suffers from fundamental
rigidity: the same spatial decay pattern is uniformly applied
regardless of image content, preventing adaptive focus on
semantically relevant regions.

Recent advances in large language models (LLMs) (Li
et al. 2025; Chen et al. 2025) offer compelling insights
that challenge this static approach. In linear attention
mechanisms, data-dependent decay has emerged as a su-
perior paradigm, with models like GLA (Yang et al.
2024), HGRN2 (Qin et al. 2024b; Mao et al. 2025), and
Mamba2 (Dao and Gu 2024) demonstrating that content-
aware gating significantly outperforms data-independent
counterparts. The Forgetting Transformer (Lin et al. 2025)
validates this principle within standard quadratic attention,
introducing learnable forget gates that dynamically modu-
late attention based on input content rather than fixed posi-
tional relationships. This data-dependent approach enables
more nuanced, context-sensitive information flow, leading
to substantial improvements in sequence modeling.

Motivated by these successes, we investigate whether
data-dependent decay can be effectively adapted for 2D vi-
sual tasks. This translation from 1D sequential to 2D spa-
tial domains presents unique challenges: unlike sequential
data with natural linear temporal relationships, images ex-
hibit complex 2D spatial topologies requiring careful con-
sideration of both horizontal and vertical interactions. Fur-
thermore, extending from 1D positional decay to 2D spatial
decay demands novel architectural designs that effectively
capture content-dependent spatial relationships while main-
taining computational efficiency.

We introduce Spatial Decay Transformer, pioneering
the application of data-dependent spatial decay to vi-
sion transformers through a novel Context-Aware Gat-
ing (CAG) mechanism. Our approach generates dynamic,
content-dependent decay strengths for 2D patch interac-
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tions, enabling selective modulation of spatial attention
based on both content relevance and spatial proximity. Un-
like the fixed manhattan distance-based decay of RMT, our
method adapts to the semantic content of each image.

Our technical contribution addresses the 1D-to-2D adap-
tation challenge through a unified spatial-content fusion
framework that integrates manhattan distance-based spatial
priors with learned content representations. For computa-
tional efficiency in high-resolution stages, we propose a de-
composed implementation that maintains content-dependent
characteristics while reducing memory complexity.

Extensive experiments on ImageNet-1K classification
and generation demonstrate consistent improvements over
strong baselines including RMT, with particularly notable
gains in tasks requiring fine-grained spatial understanding.
Comprehensive ablation studies validate the superiority of
data-dependent over data-independent spatial decay, con-
firming that content-aware gating is crucial for optimal 2D
spatial attention.

Our contributions are threefold:
• We systematically identify limitations of data-

independent spatial decay in vision transformers
and demonstrate the necessity of content-aware spatial
attention mechanisms.

• We introduce the first successful adaptation of data-
dependent decay from 1D sequential modeling to 2D spa-
tial attention, pioneering a new paradigm for spatial bias
injection in vision transformers.

• We propose Spatial Decay Transformer with Context-
Aware Gating, achieving significant performance im-
provements and establishing a strong baseline for spatial
attention in vision transformers.

Related Works
Vision Transformers and Spatial Biases. Vision Trans-
formers (ViTs) (Dosovitskiy et al. 2020; Qin et al. 2024a)
achieve superior performance over CNNs in image recog-
nition but require massive datasets due to lacking spatial
inductive biases. DeiT (Touvron et al. 2021) addresses this
limitation through knowledge distillation from CNN teach-
ers, enabling effective training on standard datasets like
ImageNet-1K (Krizhevsky, Sutskever, and Hinton 2012).
Subsequent research focuses on incorporating spatial in-
formation through various position encoding schemes, in-
cluding absolute (Dosovitskiy et al. 2020), relative (Shaw,
Uszkoreit, and Vaswani 2018), rotary (Su et al. 2024), and
conditional (Chu et al. 2021) position embeddings. Hierar-
chical transformers such as PVT (Wang et al. 2022a), Swin
Transformer (Liu et al. 2021), and MViT (Li et al. 2022a)
build multi-scale feature pyramids to improve dense predic-
tion tasks. Recent hierarchical approaches include Faster-
ViT (Hatamizadeh et al. 2023a) with hierarchical attention
for computational efficiency.
Explicit Spatial Priors in Attention. To address the fun-
damental lack of spatial inductive biases in standard self-
attention, researchers have explored directly incorporating
spatial awareness into the attention mechanism. This ap-
proach typically involves modifying the attention matrix

with explicit, data-independent spatial priors defined by ge-
ometric distances between patches. Hybrid architectures like
CoAtNet (Dai et al. 2021) and BoTNet (Srinivas et al. 2021)
effectively combine convolution and attention. Most rele-
vant to our work, Retentive Vision Transformer (RMT) (Fan
et al. 2024) introduces fixed spatial decay based on Manhat-
tan distance, extending the 1d temporal decay mechanism of
RetNet (Sun et al. 2023) to spatial domains through explicit
spatial decay matrices.
Data-Dependent Decay in Sequence Modeling. Recent
breakthroughs in natural language processing and sequence
modeling demonstrate the superiority of data-dependent
state dynamics over static positional information. This
paradigm shift is exemplified in the evolution of linear at-
tention mechanisms (Choromanski et al. 2020; Katharopou-
los et al. 2020) and state-space models (SSMs) (Gu and Dao
2023). Mamba (Dao and Gu 2024) and related architectures
utilize input-dependent state transitions, enabling selective
information retention and forgetting based on current to-
ken content. This principle is generalized across architec-
tures: Gated Linear Attention (GLA) (Yang et al. 2024) and
HGRN2 (Qin et al. 2024b) explicitly incorporate content-
aware gating into linear recurrent models, achieving sig-
nificant performance improvements over data-independent
counterparts. Particularly relevant is the Forgetting Trans-
former (Lin et al. 2025), which integrates learnable forget
gates into self-attention, demonstrating that content-based
modulation outperforms fixed positional relationships for
1D sequences.
Uniqueness of Our Solutions. Building upon these ad-
vances, our work pioneers the adaptation of data-dependent
mechanisms to 2D spatial domains. While previous ap-
proaches focus on temporal decay patterns, we address the
unique challenges of 2D topology, including bidirectional
spatial dependencies and the need for principled spatial dis-
tance metrics that respect image geometry. To our knowl-
edge, we present the first content-aware, dynamic spatial de-
cay mechanism for vision transformers, bridging static spa-
tial priors and dynamic data-dependent mechanisms.

Method
Preliminaries
Vision Transformer Foundation. Vision Transformers pro-
cess images by partitioning them into non-overlapping
patches, treating each patch as a token in a sequence. Given
input features X ∈ RL×D where L = H × W represents
spatial resolution and D denotes feature dimension, standard
self-attention computes:

O = softmax
(
QKT /

√
dk

)
V (1)

where Q,K,V ∈ RL×dk are query, key, and value projec-
tions with linear projection matrices Wq,Wk,Wv respec-
tively. While this mechanism enables global receptive fields,
it lacks inherent spatial awareness, treating all patch interac-
tions uniformly regardless of their geometric relationships.
Data-Dependent Attention Modulation. Recent advances
in large language models have demonstrated the superior-
ity of content-aware gating over fixed positional biases. In
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the autoregressive setting, this mechanism applies content-
dependent decay where the output at position i accumulates
information with learned decay strengths:

oi =
i∑

j=1

αijvj , αij ∝ exp

qT
i kj +

i−1∑
l=j

gl

 (2)

where gl represents learned gating values controlling infor-
mation decay. This recurrent formulation naturally captures
the cumulative nature of content-dependent attention modu-
lation.

For parallel computation, this mechanism can be ex-
pressed in matrix form. More generally, given input X, we
compute content-dependent modulation logits and apply:

O = Softmax (S+Bmod) (3)

where S = QKT /
√
dk represents the standard attention

scores and Bmod is the content-dependent bias matrix de-
rived from modulation logits. This framework provides a
general representation for content-aware attention weight-
ing, where different constructions of Bmod can encode vari-
ous attention preferences from temporal dependencies in se-
quences to spatial relationships in images.

Context-Aware Gating
Design Motivation. Traditional spatial attention mecha-
nisms employ fixed positional encodings (Dosovitskiy et al.
2020; Shaw, Uszkoreit, and Vaswani 2018) or distance-
based decay (Fan et al. 2024) that apply uniform spatial
biases regardless of image content. This approach funda-
mentally ignores semantic relationships: semantically re-
lated regions should maintain strong attention connections
regardless of spatial distance, while irrelevant regions should
be suppressed even when spatially adjacent. We propose
Context-Aware Gating (CAG) to address this limitation
through dynamic, content-dependent spatial attention mod-
ulation.
Content-Dependent Gate Generation. Given input fea-
tures X ∈ RB×H×W×D, we generate head-specific decay
logits through learnable projection:

F = XWg ∈ RB×H×W×N , (4)

where Wg ∈ RD×N is a learnable parameter matrix and
N is the number of attention heads. This projection enables
the model to learn head-specific spatial attention patterns,
allowing different heads to focus on different types of spa-
tial relationships (e.g., local texture patterns vs. global object
structures).
Bounded Decay Computation. The decay logits are trans-
formed into bounded decay strengths through a log-sigmoid
activation:

G = log σ(F) ∈ RB×L×N , (5)
where L = H × W and spatial dimensions are flattened
for computational efficiency. The log-sigmoid transforma-
tion ensures decay strengths are bounded in (−∞, 0], pro-
viding stable gradient flow during training.

Linear Linear Linear Linear

RoPE RoPE
Compute 

Decay (Equ.11)

Linear

Linear

.

Figure 1: The network structure of the Spatial Decay Layer.
The attention weights are modulated by a learned decay map
Mdecay computed from G, enabling spatially adaptive atten-
tion.

Spatial Decay Extension: From 1D to 2D
Theoretical Challenges. The extension of data-dependent
decay from 1D sequential modeling to 2D spatial attention
constitutes a non-trivial theoretical challenge. In 1D causal
attention (Yang et al. 2024; Qin et al. 2024b), temporal or-
dering enables efficient cumulative computation:

M1D[i, j] =
i−1∑
k=j

gk, for i > j. (6)

However, 2D spatial grids lack inherent ordering, present-
ing three challenges: (1) bidirectional dependencies where
each position interacts with neighbors in all directions, (2)
non-causal relationships where spatial proximity lacks tem-
poral precedence, and (3) topological complexity requiring
sophisticated distance metrics beyond sequential indexing.
Spatial Distance Formulation. We establish a mathemati-
cal framework for spatial distance computation in discrete
2D grids. Given spatial positions i and j with coordinates
pi = (hi, wi) and pj = (hj , wj) respectively, we define the
manhattan distance metric:

dM(pi,pj) = |hi − hj |+ |wi − wj |. (7)

This choice is theoretically motivated by its natural align-
ment with discrete grid topology, computational efficiency,
and proven effectiveness in spatial modeling tasks. The man-
hattan distance preserves the grid-aligned structure inherent
in vision transformers while providing a principled measure
of spatial proximity.
Content-Dependent Spatial Fusion Framework. We pro-
pose a unified spatial-content fusion mechanism that bridges
fixed 2D image geometric priors and adaptive content repre-
sentations.

For notational clarity in the subsequent formulation, we
omit the batch dimension B. Thus, we consider the gate for
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Figure 2: Overall architecture of the proposed Learnable Spatial Decay based Vision Transformer. The model consists of four
stages of Spatial Decay Transformer (SDT) Blocks, and each stage consists of several Spatial Decay Layers as shown in Fig. 1.

a single batch item as G ∈ RL×N . The combined decay
strength Mcombined[i, j] (which is an N -dimensional vector)
between any two spatial positions i, j ∈ [1, . . . , L] is then
defined as:

Mcombined[i, j] =
1

2
(G[i, :] +G[j, :]) · dM(pi,pj) · α, (8)

where G[i, :] ∈ RN and G[j, :] ∈ RN are the content-
dependent gating vectors for spatial positions i and j, re-
spectively. This clarifies the ambiguity raised by the re-
viewer: we are combining the N -dimensional gating vec-
tors corresponding to the i-th and j-th spatial locations. The
rationale for using their average, 1

2 (G[i, :] + G[j, :]), is to
establish a symmetric and balanced measure of mutual in-
fluence. This operation ensures that the content-dependent
modulation between position i and position j is reciprocal
and jointly determined by the content at both locations. This
averaged gating value then modulates the fixed scalar dis-
tance dM(pi,pj) (which is broadcast across all feature di-
mensions), and α ∈ R+ is a scaling factor.
Final Spatial Decay Mask and Integration. The complete
spatial decay mask is computed as:

Mdecay[i, j] = −|Mcombined[i, j]|. (9)

The negative absolute value operation serves dual purposes:
(1) it maps all values to the non-positive domain, ensuring
attention score reduction rather than amplification, and (2)
it maintains gradient flow stability by preventing unbounded
positive values during backpropagation. Based on Equ. (3),
the final attention computation becomes:

O = Softmax
(
QKT /

√
dk +Mdecay

)
V. (10)

Efficient Decomposed Implementation. In hierarchical vi-
sion architectures, early stages with high spatial resolu-
tion face computational challenges when computing the full
L×L spatial decay mask Mdecay, leading to excessive mem-
ory consumption. To address this challenge, we propose a
decomposed implementation that is selectively applied only
to the high-resolution stages.

The decomposed approach separately computes attention
scores for horizontal and vertical directions, applying one-
dimensional data-dependent decay to each direction:

FH = XWg,H ,FW = XWg,W ,

Mdecay,H [i, j] = −
max(ih,jh)−1∑
k=min(ih,jh)

| log σ(FH [k])|,

Mdecay,W [i, j] = −
max(iw,jw)−1∑
k=min(iw,jw)

| log σ(FW [k])|.

(11)

The decomposed attention is then computed as:

O = AttnH(AttnWV)T , (12)
where AttnH and AttnW apply the respective decay masks.
This decomposition reduces complexity from O(L2) to
O(H2+W 2) while maintaining the data-dependent charac-
teristics of our gating mechanism. For the latter two stages
with reduced spatial resolution, we employ the full 2D spa-
tial decay mask for optimal performance.

Overall Architecture
Spatial Decay Attention Layer. The Spatial Decay Atten-
tion Layer is composed of a Spatial Decay Attention (SDA)
and a Feed-Forward Network (FFN). Each SDA block in-
tegrates: (1) Multi-head Context-Aware Spatial Gating that
generates head-specific decay logits, (2) Rotary Position
Embedding (Su et al. 2024) for enhanced positional aware-
ness, (3) Local Position Encoding (Chu et al. 2021) through
depthwise convolutions, and (4) A low-rank output gate for
comprehensive attention control, as shown in Fig. 1. The ar-
chitecture seamlessly combines hierarchical feature learning
with adaptive, content-aware spatial attention for superior
performance across diverse vision tasks.

O = U⊙

[
Softmax

(
Q̃K̃T

√
dk

+Mdecay

)
V + LPE(V)

]
,

(13)
where Q̃ = R(Q) and K̃ = R(K) are RoPE-enhanced
queries and keys. Q,K,V is projected via linear projec-
tion matrices Wq,Wk,Wv . U = σ(XWu1)Wu2 with
Wu1 ,Wu2 is low-rank projection matrices for output gat-
ing, and LPE(·) denotes local position encoding via depth-
wise convolutions.
Hierarchical Design. Our Spatial Decay Transformer
(SDT) can be implemented in both hierarchical architecture
and plain structure configurations. When employing the hi-
erarchical architecture (SDT-H), the model adopts a multi-
stage design using the downsampling strategy (Liu et al.
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Model Parmas
(M)

FLOPs
(G)

Acc
(%)

PVTv2-b1 (Wang et al. 2022a) 13 2.1 78.7
QuadTree-B-b1 (Tang et al. 2022) 14 2.3 80.0
RegionViT-T (Chen, Panda, and Fan 2022) 14 2.4 80.4
MPViT-XS (Lee et al. 2022) 11 2.9 80.9
tiny-MOAT-2 (Yang et al. 2023) 10 2.3 81.0
VAN-B1 (Guo et al. 2022b) 14 2.5 81.1
BiFormer-T (Zhu et al. 2023) 13 2.2 81.4
Conv2Former-N (Hou et al. 2024) 15 2.2 81.5
CrossFormer-T (Wang et al. 2022b) 28 2.9 81.5
NAT-M (Hassani et al. 2023) 20 2.7 81.8
QnA-T (Arar, Shamir, and Bermano 2022) 16 2.5 82.0
GC-ViT-XT (Hatamizadeh et al. 2023b) 20 2.6 82.0
SMT-T (Lin et al. 2023) 12 2.4 82.2
RMT-T (Fan et al. 2024) 14 2.5 82.4
SDT-H-T (Ours) 14 2.7 82.7
DeiT-S (Touvron et al. 2021) 22 4.6 79.9
Swin-T (Liu et al. 2021) 29 4.5 81.3
ConvNeXt-T (Liu et al. 2022) 29 4.5 82.1
Focal-T (Yang et al. 2021) 29 4.9 82.2
FocalNet-T (Yang et al. 2022a) 29 4.5 82.3
RegionViT-S (Chen, Panda, and Fan 2022) 31 5.3 82.6
CSWin-T (Dong et al. 2022) 23 4.3 82.7
MPViT-S (Lee et al. 2022) 23 4.7 83.0
ScalableViT-S (Yang et al. 2022b) 32 4.2 83.1

Model Parmas
(M)

FLOPs
(G)

Acc
(%)

MOAT-0 (Yang et al. 2023) 28 5.7 83.3
Ortho-S (Huang, Zhou, and He 2022) 24 4.5 83.4
CMT-S (Guo et al. 2022a) 25 4.0 83.5
MaxViT-T (Tu et al. 2022) 31 5.6 83.6
SMT-S (Lin et al. 2023) 20 4.8 83.7
BiFormer-S (Zhu et al. 2023) 26 4.5 83.8
RMT-S (Fan et al. 2024) 27 4.5 84.1
SDT-H-S (Ours) 27 4.8 84.2
Swin-S (Liu et al. 2021) 50 8.7 83.0
ConvNeXt-S (Liu et al. 2022) 50 8.7 83.1
CrossFormer-B (Wang et al. 2022b) 52 9.2 83.4
NAT-S (Hassani et al. 2023) 51 7.8 83.7
Quadtree-B-b4 (Tang et al. 2022) 64 11.5 84.0
Ortho-B (Huang, Zhou, and He 2022) 50 8.6 84.0
ScaleViT-B (Yang et al. 2022b) 81 8.6 84.1
MOAT-1 (Yang et al. 2023) 42 9.1 84.2
InternImage-S (Wang et al. 2023) 50 8.0 84.2
DaViT-S (Ding et al. 2022) 50 8.8 84.2
GC-ViT-S (Hatamizadeh et al. 2023b) 51 8.5 84.3
BiFormer-B (Zhu et al. 2023) 57 9.8 84.3
MViTv2-B (Li et al. 2022b) 52 10.2 84.4
iFormer-B (Si et al. 2022) 48 9.4 84.6
RMT-B (Fan et al. 2024) 54 9.7 85.0
SDT-H-B (Ours) 54 10.8 85.1

Table 1: Performance comparison for image classification task on ImageNet-1K.

2021), with structural design aligned with that of RMT. As
shown in Fig. 2, SDT-H comprises four stages, each progres-
sively reducing spatial resolution while increasing feature
dimension. This hierarchical design enables effective multi-
scale feature learning, which is crucial for vision tasks. We
employ a decomposed implementation in the first two stages
and a global implementation in the final two stages. Alterna-
tively, SDT can be configured as a plain structure (SDT-P)
without hierarchical downsampling for scenarios requiring
consistent spatial resolution throughout the network.

Experiments
We evaluate the performance and scalability of our proposed
Spatial Decay Transformer (SDT) as a substitute for exist-
ing models on image classification (using SDT-H) and im-
age generation (using SDT-P) tasks.

Settings
Image Classification. We train all models from scratch on
the ImageNet-1K dataset (Krizhevsky, Sutskever, and Hin-
ton 2012). For fair comparison, we adopt the same training
protocol as in (Fan et al. 2024), relying solely on classi-
fication loss as supervision. The stochastic depth rates for
different size Tiny/Small/Base are set to 0.1, 0.15, and 0.4,
respectively. We employ the AdamW (Loshchilov and Hut-
ter 2017) optimizer in conjunction with a cosine learning
rate schedule. The initial learning rate is set to 0.001, with a
weight decay of 0.05 and a batch size of 1024. For data aug-

mentation and regularization, we follow the strong strategy
used in (Fan et al. 2024), including RandAugment (Cubuk
et al. 2020), Mixup (Zhang et al. 2018), CutMix (Yun et al.
2019), and Random Erasing (Zhong et al. 2020).
Image Generation. We build our model upon the Diffusion
Transformer (DiT) (Peebles and Xie 2023), employing our
proposed SDT as the denoising network (Note that we are
using a plain structure instead of a hierarchical structure).
We scale the model across various configurations (S, B, L,
XL) with a fixed patch size of 2, consistent with DiT. We
conduct experiments on the ImageNet dataset (Krizhevsky,
Sutskever, and Hinton 2012) at 256 × 256 resolution. We
compare performance against representative image genera-
tion methods, including ADM (Dhariwal and Nichol 2021),
CDM (Ho et al. 2022), LDM (Rombach et al. 2022), and
DiT (Peebles and Xie 2023). All models are trained for 400K
steps with a batch size of 256 to evaluate scaling capabil-
ities. For the largest model variant, we extend training to
0.8M steps with a batch size of 512 (compared to 7M steps
in DiT) to enhance generative performance.

Main Results
Image Classification. We evaluate our models against state-
of-the-art vision transformers on the ImageNet-1K valida-
tion set. As shown in Table 1, our approach demonstrates
competitive performance across various model scales.

Our method consistently outperforms the data-
independent spatial decay method, RMT. This com-
parison provides strong evidence for the effectiveness of

7949



Model FID↓ sFID↓ IS↑ Pre.↑ Rec.↑ Params

ADM 10.94 6.02 100.98 0.69 0.63 -
ADM-U 7.49 5.13 127.49 0.72 0.63 -
ADM-G 4.59 5.25 186.70 0.82 0.52 -

CDM 4.88 - 158.71 - - -

LDM-8 15.51 - 79.03 0.65 0.63 395M
LDM-8-G 7.76 - 209.52 0.84 0.35 506M
LDM-4 10.56 - 103.49 0.71 0.62 400M
LDM-4-G 3.60 - 247.67 0.87 0.48 400M

DiT-S 68.40 - - - - 32M
DiT-B 43.47 - - - - 130M
DiT-L 23.33 - - - - 459M
DiT-XL 19.47 - - - - 675M
DiT-XL 9.62 6.85 121.50 0.67 0.67 675M
DiT-XL-G 2.27 4.60 278.24 0.83 0.57 675M

SDT-P-S 60.70 10.42 23.15 0.40 0.60 33M
SDT-P-B 37.47 6.82 60.49 0.53 0.60 132M
SDT-P-L 21.28 5.99 63.79 0.62 0.64 462M
SDT-P-XL 18.20 5.74 71.82 0.64 0.63 679M
SDT-P-XL 6.82 6.21 158.34 0.71 0.64 679M
SDT-P-XL-G 2.25 4.59 279.85 0.83 0.58 679M

Table 2: Performance comparison for image generation task
on ImageNet-1K. SDT-P-XL achieves state-of-the-art FID
with or without classifier-free guidance (-G). “Pre.” and
“Rec.” represents the “Precision” and “Recall”. The best re-
sult is highlighted with bold.

data-dependent, context-aware gating over static, content-
agnostic decay mechanisms. Additionally, our models
achieve competitive results with other leading architectures.
Notably, SDT-S surpasses established models including
ConvNeXt-S, BiFormer-S, and NAT-S, demonstrating
strong performance within its complexity class. The con-
sistent improvements across different scales validate the
robustness and scalability of our spatial decay mechanism.

Fig. 3 presents training dynamics comparing our SDT-H-
T with RMT-T. The results show that our model achieves
faster convergence and superior final accuracy, further sup-
porting the effectiveness of the proposed context-aware spa-
tial decay approach.
Image Generation. We evaluate this variant, termed SDT-
P, on class-conditional image generation using ImageNet at
256 × 256 resolution, as shown in Table 2. We can observe
that SDT-P-XL-G achieves competitive performance with
a FID of 2.25, marginally outperforming DiT-XL-G (2.27
FID) while maintaining comparable parameter count. These
results suggest that the enhanced spatial reasoning capabil-
ities of our model translate effectively to generative tasks.
Specifically, the ability to dynamically attend to relevant
contextual information appears beneficial for image genera-
tion. The improved performance indicates that our Context-
Aware Gating (CAG) mechanism provides beneficial guid-
ance during the denoising process, contributing to more co-
herent output generation.
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Figure 3: Training loss comparison between our proposed
SDT-H-T and RMT-T. The blue curve represents our SDT-
H-T, and the orange curve represents RMT-T.

We further analyze the scaling properties of our approach
across four model sizes on ImageNet. As illustrated in Fig-
ure 4, performance consistently improves from S to XL
scale, demonstrating favorable scaling characteristics. This
trend suggests the potential applicability of our method to
larger-scale diffusion models, where spatial attention mech-
anisms become increasingly important for maintaining gen-
eration quality at higher resolutions.

Ablation Studies
To dissect our model and validate the contributions of its
key components, we conduct a series of ablation studies.
We extend our analysis beyond image classification and im-
age generation to demonstrate the robustness and general
applicability of our design principles. All experiments use
the Tiny (Ours-T) configuration for classification (reporting
Top-1 Acc) and a comparable Base (Ours-B) model for gen-
eration (reporting FID).
Effectiveness of the Context-Aware Gating mechanism.
We propose a Context-Aware Gating mechanism that en-
ables data-dependent decay computation to learn the impor-
tance of correlations between image patches. Unlike tradi-
tional fixed decay patterns, this mechanism adaptively de-
termines decay values based on the actual content and con-
text of the input data, providing more flexible and effec-
tive attention modeling. To thoroughly evaluate the effec-
tiveness of our Context-Aware Gating mechanism, we con-
duct ablation studies with the following variants: (1) No De-
cay: We remove all decay mechanisms and employ only
the original attention mechanism without any positional or
content-based decay modulation. This serves as our base-
line to demonstrate the necessity of decay mechanisms.
(2) Spatial Decay: We implement a data-independent de-
cay approach that computes decay values solely based on
the relative positional relationships between image patches.
This variant captures spatial proximity but ignores content-
dependent correlations. (3) Context-Aware Gating (Ours):
Our proposed data-dependent decay mechanism that learns
to adaptively weight patch correlations based on both spatial
relationships and content similarity.
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Figure 4: Scaling up the SDT-P enhances the FID during ev-
ery iterations of training. We present the FID-50K across
training iterations for four SDT-P models. Enhancing the
SDT-P backbone results in improved generative models for
all sizes of models.

Decay Mechanism Acc (%)↑ FID↓
No decay 81.9 43.22
Spatial Decay 82.4 40.29

Ours 82.7 37.47

Table 3: Ablation study on Context-Aware Gating variants
on image classification (Acc) and generation (FID).

The quantitative comparison is presented in Table 3. The
results demonstrate the superiority of our Context-Aware
Gating mechanism. The baseline without decay shows lim-
ited performance, highlighting the importance of incorporat-
ing decay mechanisms. The Spatial Decay variant provides
improvements by considering positional relationships, but
its data-independent nature limits its adaptability. In con-
trast, our Context-Aware Gating achieves the best perfor-
mance by dynamically adjusting decay patterns based on in-
put content, effectively capturing both spatial and semantic
correlations between patches.
Effectiveness of the Content-Dependent Spatial Fusion.
In extending the 1D decay mechanism to 2D scenarios, we
propose a Content-Dependent Spatial Fusion Framework
(CDSF) that integrates spatial relationships with learnable
decay patterns. This framework combines the manhattan dis-
tance between image patches with computed learnable decay
values for spatially-aware attention. To validate the effec-
tiveness of our spatial fusion mechanism, we design several
variants: (1) 1D Decay: We treat the 2D image as a flattened
1D sequence and directly apply the decay computation from
Equ. (6). (2) Bidirectional Decay: Based on 1D decay, we
adopt a bidirectional scanning strategy inspired by Vision-
Mamba (Zhu et al. 2024), averaging the forward and back-
ward decay computations. (3) Decomposed 2D Decay: We
decompose the image along height and width dimensions,
computing decay values independently for each dimension.

Decay Mechanism Acc (%)↑ FID↓
1D Decay 82.2 42.25
Bidirectional Decay 82.3 41.32
Decomposed 2D Decay 82.5 39.11

Ours 82.7 37.47

Table 4: Ablation study on Content-Dependent Spatial Fu-
sion variants on image classification (Acc) and generation
(FID).

Decay Mechanism Acc (%)↑ FID↓
α = 0.05 82.5 40.57
α = 0.1 82.7 37.47
α = 0.15 82.6 39.45
α = 0.2 82.4 39.79

Table 5: Ablation study on the α factor in Equ. (8) on im-
age classification (Acc) and generation (FID).

(4) Ours Content-Dependent Spatial Fusion: Our proposed
framework that integrates both spatial distance and content-
dependent decay computation.

As shown in Table 4, our proposed CDSF consistently
outperforms all variants. The 1D decay shows limited per-
formance due to ignoring 2D spatial structure. Bidirectional
Decay provides modest improvements through bidirectional
processing. The decomposed approach captures dimension-
specific patterns but lacks cross-dimensional interaction. In
contrast, our CDSF achieves superior performance by effec-
tively combining spatial proximity with content-dependent
decay, validating our design.
Impact of α. As shown in Equ. 8, alpha controls the strength
of decay, larger values indicate stronger decay. We conduct
experiments to verify the impact of alpha. The experimen-
tal results, shown in Table (5), show that an alpha of 0.1
achieves optimal decay strength.

Conclusion
We have introduced Spatial Decay Transformer, which suc-
cessfully adapts data-dependent decay mechanisms from
language models to 2D spatial attention in vision transform-
ers. Our Context-Aware Gating (CAG) mechanism gener-
ates dynamic, content-dependent spatial decay that adapts
to image content, overcoming the rigidity of fixed distance-
based approaches like RMT. Through a unified spatial-
content fusion framework, we address the fundamental chal-
lenge of extending 1D sequential decay to 2D spatial do-
mains. Extensive experiments on ImageNet-1K classifica-
tion and generation demonstrate consistent improvements
over strong baselines, validating that content-aware spatial
gating is crucial for optimal 2D attention. Our work es-
tablishes data-dependent spatial decay as a new paradigm
for vision transformers, opening promising directions for
other spatial-structured vision tasks or spatial-temporal vi-
sion tasks.
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