
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

SF-MAMBA: RETHINKING STATE SPACE MODEL FOR
VISION

Anonymous authors
Paper under double-blind review

ABSTRACT

The realm of Mamba for vision has been advanced in recent years to strike for the
alternatives of Vision Transformers (ViTs) that suffer from the quadratic complex-
ity. While the recurrent scanning mechanism of Mamba offers computational ef-
ficiency, it inherently limits non-causal interactions between image patches. Prior
works have attempted to address this limitation through various multi-scan strate-
gies; however, these approaches suffer from inefficiencies due to suboptimal scan
designs and frequent data rearrangement. Moreover, Mamba exhibits relatively
slow computational speed under short token lengths, commonly used in visual
tasks. In pursuit of a truly efficient vision encoder, we rethink the scan operation
for vision and the computational efficiency of Mamba. To this end, we propose
SF-Mamba, a novel visual Mamba with two key proposals: auxiliary patch swap-
ping for encoding bidirectional information flow under an unidirectional scan and
batch folding with periodic state reset for advanced GPU parallelism. Extensive
experiments on image classification, object detection, and instance and semantic
segmentation consistently demonstrate that our proposed SF-Mamba significantly
outperforms state-of-the-art baselines while improving throughput across different
model sizes. We will release the source code after publication.

1 INTRODUCTION
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Figure 1: Top-1 accuracy and throughput on
ImageNet-1K classification. SF-Mamba offers
superior accuracy–throughput trade-offs com-
pared to state-of-the-art architectures.

The field of deep learning for vision has under-
gone several architectural shifts, driving progress
across a wide range of applications includ-
ing classification, segmentation, and detection
(Deng et al., 2009; Krizhevsky et al., 2012;
He et al., 2016; Simonyan & Zisserman, 2014;
Ravi et al., 2025; Siméoni et al., 2025; Bolya
et al., 2025). More recently, Vision Trans-
formers (ViTs) (Dosovitskiy et al., 2020) have
emerged as the dominant paradigm and offer
strong flexibility and generalizability compared
to convolution-based models by tokenizing im-
ages into patches and applying the self-attention
mechanism (Vaswani et al., 2017). ViT-based vi-
sion models have been widely used for multi-
modal learning tasks (Khan et al., 2022; Elhar-
rouss et al., 2025); however, one of the main lim-
itations of ViTs is the quadratic complexity for
computing attention in terms of sequence length,
which hinders the scalability to high-resolution
inputs and large datasets with limited computa-
tional resources.

Mamba (Gu & Dao, 2023) introduces a selective state-space model (SSM), which enables data-
dependent flexible token scanning in a left-to-right order, thereby achieving powerful but efficient
processing with linear-time complexity. Building on its success, Mamba has been extended to the
vision domain, achieving higher accuracy while being efficient in terms of memory cost, FLOPs,
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and the number of parameters (Zhu et al., 2024; Liu et al., 2024; Pei et al., 2025). In addition, recent
studies suggest that visual Mamba has good transfer learning capabilities comparable to or even sur-
passing those of ViTs (Yoshimura et al., 2025; Galim et al., 2025), and it has the potential to replace
the ViT-based foundation model ecosystem. However, many visual Mamba models suffer from slow
processing speeds, especially on low-resolution images, which makes them not truly efficient. One
reason is that Mamba adopts a recurrent left-to-right scanning mechanism, which prevents earlier
patches from accessing information in future patches. As a result, many visual Mamba methods em-
ploy a multi-directional scan strategy, where the input sequence is rearranged and processed from
multiple directions (e.g., from top-left to bottom-right, bottom-right to top-left). This allows models
to compensate for the inability of standard Mamba to reference future patches and yields strong
performance on vision tasks. However, such a rearrangement incurs substantial overhead during
both training and inference. In fact, MambaVision (Hatamizadeh & Kautz, 2025) achieves a fast
inference by avoiding costly multi-scan and instead rely on attention layers appended after the uni-
directional scan. These attention layers enable information to flow backward, allowing earlier tokens
to indirectly benefit from later tokens while retaining the efficiency of unidirectional Mamba. Yet,
relying solely on attention for backward information flow poses a limitation: backward context can
only be injected in deeper layers, leaving shallower layers deprived of future information and po-
tentially restricting the expressiveness of the representation. Another reason why visual Mamba is
slow lies in Mamba itself. As reported in the Mamba paper, unless the token length exceeds around
1000–2000, it is slower than Attention. Unless the task involves high-resolution images, the token
length of the vision patches typically remains below 1000.

In this paper, we rethink visual Mamba from two perspectives in pursuit of a truly efficient image
encoder. The first is the data flow. Instead of using the slower multi-directional scan, we adopt
a unidirectional scan. However, this approach lacks future-to-past information flow, which is cru-
cial to generate high-quality features. To address this, we propose an auxiliary patch swapping that
enables future-to-past information flow within a unidirectional scan (Sec. 3.2). It introduces two ad-
ditional tokens mixing the corresponding directional flow, which does not require significant burden
compared with existing multi-scan approaches. The second perspective addresses the inefficiency
of Mamba when processing short sequences. We attribute this limitation to suboptimal GPU paral-
lelization, and to mitigate it, we introduce batch folding with periodic state reset (Sec. 3.3). This
method reshapes batched inputs to maximize GPU thread utilization while preserving independence
across sequences, thereby enhancing parallel efficiency. To this end, we propose SF-Mamba, which
is equipped with the two key innovations of swapping and folding. Extensive experiments on image
classification (Fig. 1), object detection, and semantic/instance segmentation demonstrate that SF-
Mamba consistently outperforms state-of-the-art baselines while achieving faster inference, paving
a new path toward efficient and effective Mamba architectures for vision.

In summary, our main contributions of SF-Mamba are three-fold:

• Efficient uni-scan for non-causal ordering. We propose a lightweight mechanism, auxiliary
patch swapping, that introduces two learnable auxiliary tokens and a parameter-free swap opera-
tion, enabling bidirectional information flow across layers with negligible overhead compared to
existing multi-scan approaches.

• Efficient GPU parallelism for vision tasks. To address inefficiency in low-resolution vision
tasks, we design a batch folding strategy that merges the batch and sequence dimensions, maxi-
mizing GPU utilization while preserving the independence of hidden states across sequences. This
method can speed up any Mamba-based method especially with short sequence processing.

• Empirical validation across various tasks. Experiments on classification, detection, and seg-
mentation show that SF-Mamba outperforms state-of-the-art CNN-, Transformer-, hybrid CNN-
Transformer-, and Mamba-based baselines.

2 RELATED WORK

CNNs and Vision Transformers. Convolutional Neural Networks (CNNs) first led to break-
throughs in large-scale image classification (Deng et al., 2009; Krizhevsky et al., 2012), with deeper
networks such as VGG (Simonyan & Zisserman, 2014) and ResNet (He et al., 2016) extending
success to segmentation (Long et al., 2015) and detection (Ren et al., 2015). Vision Transformers
(ViTs) (Dosovitskiy et al., 2020), inspired by self-attention (Vaswani et al., 2017), have since be-
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come the dominant paradigm by effectively modeling long-range dependencies. Follow-up works
such as DeiT (d’Ascoli et al., 2021), and Swin Transformer (Liu et al., 2021) improved efficiency
and scalability. Models trained on large-scale data are used as a foundation for a variety of tasks
(Oquab et al., 2024; Siméoni et al., 2025; Tschannen et al., 2025).

Visual State Space Models. To address the quadratic cost of attention, state-space models (SSMs)
have emerged as efficient alternatives. Mamba (Gu & Dao, 2023) introduced selective state spaces,
enabling linear-time complexity with strong long-range modeling. Inspired by this success, many
visual Mamba variants (Zhu et al., 2024; Liu et al., 2024) extended SSMs to visual data.

Hybrid Architectures in Vision. Beyond single-paradigm designs, recent studies have demon-
strated that hybrid architecture can lead to more efficient encoding. The CNN-Transformer hybrids
(Hatamizadeh et al., 2024; Li et al., 2022; Zheng, 2025) leveraged the local feature extraction and
inductive biases of CNNs alongside the global context modeling of Transformers. More recently,
Mamba–Transformer hybrids (Hatamizadeh & Kautz, 2025) have emerged, combining Mamba’s
computational efficiency with Transformers’ receptive field. The hybrid architecture achieves supe-
rior efficiency–performance trade-offs and establishes state-of-the-art vision backbones.

Causality Constraint of Visual SSMs. From another perspective, visual SSMs face an inherent
challenge: the causality constraint, which is also observed in vision-language models (Wang et al.,
2025c). Since state-space models process inputs sequentially, each hidden state only depends on the
past, preventing access to the global spatial context. Many visual Mamba methods address causality
constraints via multi-directional scans. Some approaches like Vim (Zhu et al., 2024) and Mamba-R
(Wang et al., 2025a) adopt bi-directional scans, while recent models are based on cross-scan (Liu
et al., 2024), which performs bi-directional scan along both horizontal and vertical axes, totaling four
directions to better capture image structure. Variants such as GroupMamba (Shaker et al., 2025),
MSVMamba (Shi et al., 2024), EfficientVMamba (Shaker et al., 2025), and DefMamba (Liu et al.,
2025) enhance cross-scan through zigzag patterns, multi-resolution scan, atrous sampling, or de-
formable directions. Despite being parameter-efficient, multi-directional scans are slow. Cross-scan
based methods are particularly suffer from slow speed due to increased FLOPs from four parallel
scans and costly data rearrangement between 2D formats (for 2D convolution) and 1D formats (for
scanning). Rearranging tokens for four directions adds further overhead, especially in vertical scans,
which involve scattered memory access. While bi-directional scan avoids 2D/1D format switching,
it still requires rearranging data for the backward scan and maintaining two parallel paths.

A recent study, Adventurer (Wang et al., 2025b), tackles the causality constraint of Mamba2 (Dao
& Gu, 2024) using series bi-directional scans, which alternate scan directions between layers. It
also inserts a globally averaged token in every layer to facilitate limited context exchange of series
bi-directional scan. While this mechanism only requires single scan in each block, it requires ex-
plicit flipping operations with O(n) permutation cost and an additional averaging cost, resulting in
reduced throughput.

Several methods are starting to achieve high accuracy with unidirectional scan. Spatial-Mamba
(Xiao et al., 2025) uses 2D atrous convolution with a wide receptive field to access future patches,
although the 2D/1D format switching degrades the speed. MambaVision (Hatamizadeh & Kautz,
2025) incorporates Attention in later layers to capture global context. However, relying solely on
attention for future-to-past information flow might not be optimal.

Furthermore, although previous methods adopt Mamba due to its parameter efficiency and superior
accuracy, it remains slower than Attention for token lengths below 1000 to 2000 (Gu & Dao, 2023).
These limitations motivate the development of a truly efficient visual Mamba.

3 METHOD

3.1 PRELIMINARIES

Mamba State Space Model. Mamba (Gu & Dao, 2023) is a selective state space model (SSM)
that processes a sequence X = (x1, . . . , xT ) by recurrently updating a hidden state ht:

ht = Atht−1 +Btxt, yt = Ctht, (1)

where ht is the hidden state, yt the output, and At, Bt, Ct are input-dependent matrices.

3
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Auxiliary Token Swap(ours)
😸 T + 2 token length
😸 O(1) permutation

Bi-directional Scan
😿 T・2 token length
😿 O(n) permutation

Figure 2: Future-to-Past Information Routing via Auxiliary Token Swapping. The left figure
illustrates why the commonly used multi-directional scan in visual Mamba fails to achieve high
speed, while the right figure presents our proposed solution. We prepend/append learnable auxiliary
tokens to the patch sequence xaux

head and xaux
tail . Within each MambaVision block, the causal selective

scan aggregates sequence-wide context into the tail token yaux
tail . A lightweight, parameter-free Swap

operation then moves this global summary to the sequence head, yielding X̃ for the next layer such
that all patch states are conditioned on global context. It incurs negligible computational overhead
while enabling effective global-context propagation across layers.

In the vision setting, an image is divided into T patches, each embedded as xt ∈ RD, forming a
sequence X = (x1, . . . , xT ). A batch of such sequences is denoted as Xin ∈ RB×T×D, where B
is the batch size, T the number of patches (sequence length), and D the embedding dimension. In
this case, Mamba can be viewed as a mapping fθ : RT×D → RT×D that applies the recurrence in
eq. (1) to patch sequences.

Using a parallel scan algorithm, this recursive operation is efficiently computed. Specifically,
Mamba uses a warp scan function (NVIDIA, 2025a) implemented in the CUDA backend, which
enables high-speed parallel scan by allowing multiple threads to share data through the fast SRAM
memory of the GPU. Since this warp scan function operates in groups of 32 threads, each sequence
must be processed using at least 32 threads.

Mamba-Transformer Hybrid Architecture. We employ a Mamba-Transformer hybrid architec-
ture, because previous studies indicate that the hybrid architecture achieves promising efficiency.
In other words, we employ MambaVision (Hatamizadeh & Kautz, 2025) architecture as a macro
level. It uses a four-stage hierarchical design. The first two stages are CNN-based and serve as a
kind of deep patch embedding. The latter two stages consist of several Mamba blocks followed by
several Attention Blocks. MambaVision accelerates processing by adopting a simple unidirectional
scan. However, due to the causality constraint, it cannot reference future patches from past ones,
so future-to-past information flow relies on subsequent Attention blocks. Detailed structure and
formulation of the MambaVision-based blocks are provided in Appendix C.1.

3.2 RETHINKING VISUAL SSM FROM DATA FLOW PERSPECTIVE

Future-to-Past Information Routing via Auxiliary Token Swapping. Since image patches do not
exhibit a strict causal ordering, restricting Mamba blocks to a unidirectional scan can be limiting:
tokens in earlier regions (e.g., the top-left) cannot directly access information from later regions
(e.g., the bottom-right), which hinders representation learning. While multi-scan approaches such
as bidirectional or cross-scan alleviate this issue, they require repeated reordering of the data, which
introduces substantial computational overhead and complicates implementation. Hence, we propose
a future-to-past information flow with minimal additional cost by introducing two auxiliary tokens.

At the first Mamba block in each stage, the two auxiliary tokens, xaux,1
head and xaux,1

tail , are initialized
as data-dependent values (i.e., xaux,1

head = xaux,1
tail = avg(X), where avg( ) averages the sequential
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Periodic State Reset Trick
1: for t = 1 to B2 · T do
2: if t mod T = 0 then
3: At ← 0

4: ht ← Atht−1 +Btxt

5: yt ← Ctht

Figure 3: Batch folding with periodic state reset. (Left) An input tensor of shape [B,D, T ] is
reshaped into [B1, D, (B2 ·T )], concatenating B2 short sequences into a longer one. This reshaping
mixes hidden states across batches. (Right) To avoid information leakage, we reset the recurrence
every T steps. Since ht ← Atht−1 + Btxt, setting At = 0 at boundaries is equivalent to re-
initializing the hidden state. In contrast, Bt (input projection) and Ct (output projection) operate
locally and therefore remain unchanged.

dimension). The tokens are then concatenated at both ends of the input X for the first Mamba block:

X ′ = (xaux,1
head, x1, . . . , xT , x

aux,1
tail ). (2)

After processed by the i-th Mamba block, we swap the two tokens for the input of the next Mamba
block (see Fig. 2):

xaux,i+1
head = yaux,i

tail , xaux,i+1
tail = yaux,i

head, (3)

where yaux,i
head and yaux,i

tail are the output tokens with respect to xaux,i
head and xaux,i

tail . By training this
architecture, we expect that yaux,i

tail extracts the necessary information from all tokens in the i-th
layer, and yaux,i

head serves as a feature that determines how yaux,i+1
tail should be extracted in the next

layer. Then, by swapping as shown in Eq. 3, the patch tokens of the next layer (x1, x2, ..., XT )
can refer to xaux,i+1

head , which contains features from all positions, allowing future-to-past information
routing. This intended operation is natural for the selective scan SSM and does not disrupt the
original mechanism, which selectively extracts the necessary information as yt from hidden states
that span from t = 0 to t = t. Similarly, we expect it selectively extracts the necessary information
as yaux,i

tail from hidden states that span from t = 0 to t = T .

In contrast to multi-scan strategies, our approach does not rely on multiple parallel paths or global
token rearrangements. Instead, it swaps only two tokens within the sequence, introducing negligible
computational overhead.

3.3 RETHINKING VISUAL SSM FROM COMPUTATIONAL PERSPECTIVE

Batch Folding with Periodic State Reset. We identify that Mamba’s inefficiency in low-resolution
vision tasks arises from the warp-scan implementation, which achieves high throughput by utilizing
32 GPU threads per sequence (Sec. 3.1). In vision models, however, the number of patches (i.e.,
sequence length) is relatively small (e.g., 196 and 49 for MambaVision Stage 3 and 4), making
the allocation of 32 threads per sequence highly underutilized and inefficient. To address this, we
propose a batch folding strategy that reshapes the input by merging the batch dimension into the
sequence dimension (Fig. 3, left). This improves parallel efficiency in scenarios with many short
sequences while preserving the correctness of the computation. Let Z ∈ RB×D×T denote the
batched tokens before entering the SSM. We reshape Z into

Z ′ ∈ RB1×D×(B2·T ), B = B1 ·B2, (4)

which concatenates B2 short sequences into one longer sequence. This operation is a bijective
permutation of indices, so the original tensor can be exactly recovered. Intuitively, this extends the
effective sequence length in a pseudo manner, allowing the parallel scan to operate more efficiently
by reducing kernel launch overhead and reducing inefficient use of memory bandwidth.

However, this reshaping mixes hidden states across different sequences. To preserve independence,
we effectively use and improve a computational trick implemented in vLLM software (Kwon et al.,
2023), which was originally devised for Mamba inference in LLMs to handle multiple sequences

5
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of varying lengths without padding. Our trick for preserving the dependence of the folded data
named periodic state reset trick is as follows (Fig. 3, right). In every T step, we set At = 0,
which removes dependence on ht−1 and resets the hidden state. Then, all the hidden states become
identical to those without batch folding. By unfolding the output, the output becomes equivalent to
that obtained without applying batch folding. Note that Bt and Ct act only on the current input and
hidden state, respectively, and thus do not require resetting. Since it only resets A, there is only a
minimal increase in processing time.

Adaptive B1. In batch folding, it is not optimal to increase the virtual sequence size indefinitely.
The ideal ratio between B1 and B2 is determined in a complex manner based on factors such as
batch size B, number of input tokens T , model dimension D, state dimension S, and the number of
threads used when invoking CUDA. Therefore, we precompute and store combinations of (B, D, L,
S), along with the optimal B1/B ratio, in a coarse-grained 4-dimensional lookup table (LUT ). At
runtime, we retrieve the optimal B1 value from this LUT as follows:

B1 = f(B,B · LUT (B,D, S, L)), (5)

where f(a, b) is a function that returns a divisor of a, which is closest to b.

1-D Depthwise Convolution for Batch Folded Data. Although batch folding improves the speed
of the SSM component, the reshaping operation in Eq. 4 introduces a slowdown. To mitigate this,
we apply the transformation in Eq. 4 only at the initial Mamba block of each stage, and then continue
computation using the batch-folded tensor shape. Since the Linear and LayerNorm layers operate
per token, they do not pose any issues. However, the 1D depthwise convolution in the Mamba block
presents a challenge. To address this, we implement a convolution that supports batch-folded data,
ensuring that no convolution occurs across the boundaries between T sequences. In other words, our
convolution CUDA kernel performs implicit padding at the boundary of each T sequence.

4 EXPERIMENTS

We conduct comprehensive experiments to evaluate SF-Mamba across three fundamental computer
vision tasks: image classification, semantic segmentation, object detection with instance segmenta-
tion (Appendix D.3). Our experimental setup follows the protocols established by previous works
(Liu et al., 2024; Xiao et al., 2025; Hatamizadeh & Kautz, 2025) to ensure fair comparisons. We
evaluate three model variants (T/S/B) with different scales to analyze the accuracy-throughput trade-
offs. For all downstream tasks, we use models pre-trained on ImageNet-1K as backbones. Detailed
training configurations and hyperparameters are provided in Appendix B.

4.1 IMAGE CLASSIFICATION
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Figure 4: How much we can speedup the SSM
calculation by changing B1. The four con-
figurations of [batch size, dimension, state di-
mension, sequence length] are exact settings for
ours-T stage 3, ours-T stage 4, ours-B stage 3,
ours-B stage 4.

Experimental Setup. We first evaluate our mod-
els on image classification task using ImageNet-
1K (Deng et al., 2009), which contains 1.28M
training images and 50K validation images across
1,000 categories. Models are trained from
scratch for 300 epochs following prior works
(Hatamizadeh & Kautz, 2025; Liu et al., 2024).
Throughput is measured on a single NVIDIA
A100 GPU with a batch size of 128 (see Ap-
pendix B.4 for details).

Results. As shown in Fig. 1, SF-Mamba achieves
superior efficiency-accuracy trade-offs with con-
sistent improvements across all model scales
(T/S/B variants) compared to existing architec-
tures including CNN-based models (ConvNeXt
(Liu et al., 2022), MambaOut (Yu & Wang,
2025)), Transformer-based models (DeiT (Tou-
vron et al., 2021), Swin (Liu et al., 2021), Twins
(Chu et al., 2021)), hybrid CNN-Transformer ar-
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chitectures (EfficientFormer (Li et al., 2022), Ef-
ficientVit (Cai et al., 2023), MobileNetV4-H-M (Qin et al., 2024), SHViT (Yun & Ro, 2024), Faster-
ViT (Hatamizadeh et al., 2024)), and recent Mamba-based models (Vim (Zhu et al., 2024), VMamba
(Liu et al., 2024), Spatial-Mamba (Xiao et al., 2025), MambaVision (Hatamizadeh & Kautz, 2025)).
Note that some models in Fig. 1 have non-224×224 input resolution (see Appendix B. Tab. 4
provides a detailed comparison of models evaluated at the standard 224×224 resolution.

Analysis. To analyze the effect of batch folding with periodic state reset, the speed of the SSM
kernel part is measured, as shown in Fig. 4. A clear speedup of 110% to 180% is observed when the
batch dimension is virtually shifted into the sequential dimension. This improvement is especially
significant when the sequential length is short. The reason lies in the CUDA parallel scan algorithm,
which plays a crucial role in Mamba’s speedup. This algorithm requires at least 32 threads per
sequence, and when the sequence is short, the overhead of allocating 32 threads becomes substantial.
By virtually extending the sequence length, we can utilize the allocated threads more efficiently,
leading to a significant performance boost.

Table 1: The computational speedup achieved by our method

impl. opt. BFold B1 conv img/s

6662
✓ 6989
✓ ✓ 1 ✓ 7601
✓ ✓ 4 ✓ 7641
✓ ✓ adaptive 7279
✓ ✓ adaptive ✓ 7685

Next, we evaluate how much our proposed method can improve the overall model speed, as shown
in Tab. 1. Our baseline is MambaVision-T, and we measure the degree of speed improvement from
it. First, we improve the implementation and observe a speedup, which we denote as impl. opt. This
improvement primarily stems from the SSM CUDA kernel, which we rewrote based on the Mamba
SSM CUDA kernel to suit our method. Building upon this, our batch folding with periodic state
reset (BFold) technique achieves a significant speedup. Furthermore, our adaptive B1 approach,
which adaptively adjusts B1 according to input and weight sizes, enables further improvements in
inference speed. Since MambaVision is a hybrid model that combines Attention and Mamba, it goes
without saying that it does not achieve the same level of speed improvement as described in Fig. 4.
However, it still delivers significant performance gains compared to the baseline.

Table 2: The effectiveness of auxiliary token swapping and its ablation results.

swap auxiliary token discard timing IN1K acc. ADE20K IoU img/s

82.2 46.0 7645
learnable before attn 82.1 46.2 7613

✓ learnable before attn 82.3 46.5 7585
✓ data-dependent before attn 82.4 46.8 7602
✓ data-dependent after 1st attn 82.5 47.2 7600
✓ data-dependent after attn 82.4 46.6 7597

Tab. 2 presents an ablation study on auxiliary token swapping. The swapping improves performance
with only a minimal impact on inference speed. Simply adding learnable tokens without performing
swapping degrades performance, indicating that the improvement does not come from the increased
flexibility provided by the additional tokens, but rather from the bidirectional information flow en-
abled by swapping. Looking at Fig. 7 in the Appendix, we can clearly see that it indeed achieves
substantial bi-directional information propagation. Initializing auxiliary tokens as globally averaged
data-dependent values proves more effective than employing a learnable token, which is commonly
used as a class (Dosovitskiy et al., 2020; Zhu et al., 2024). In addition, Initializing this token with
global features may allow subsequent layers to effectively acquire the global information needed for
the next layer. As for where to discard this token, the most efficient approach is to remove it after
the first attention layer.
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Table 3: Comparison of effective scan designs. The “series bi-scan + gap token” follows Adventurer
(Wang et al., 2025b), where a global token obtained via global average pooling is used. In parallel
bi-scan, ”cat” splits the input along channels, applies bi-scan, and concatenates the results, while
”add” duplicates the input, applies bi-scan, and sums the outputs.

macro-arch. MambaVision-T MambaVision-T w/o Attention
scan Params MACs img/s acc. Params MACs img/s acc.

uni-scan 31.8M 4.4G 6979 82.2 29.4M 4.2G 6238 80.2
series bi-scan 31.8M 4.4G 6911 82.3 29.4M 4.2G 6113 80.4
series bi-scan+gap token (Adventurer) 31.8M 4.5G 6856 82.3 29.4M 4.3G 6027 80.7
parallel bi-scan (cat) 31.8M 4.4G 6834 82.2 29.4M 4.2G 5987 80.8
parallel bi-scan (add) 31.9M 4.5G 6235 82.3 29.7M 4.3G 5138 81.1
parallel bi-scan (add) (Vim block) 33.5M 4.6G 4612 82.4 32.8M 4.6G 3256 81.7
uni-scan + swap (ours) 31.8M 4.5G 6926 82.5 29.4M 4.3G 6171 81.0
uni-scan + swap (ours) + Bfold 31.8M 4.5G 7600 82.5 29.4M 4.3G 7306 81.0

Table 4: Detailed comparison of image classification performance on ImageNet-1K. All models in
this table are evaluated with 224×224 input resolution.

Model Token Mixer Params MACs Throughput (img/s) Top-1 Acc (%)

ConvNeXt-T Conv 29M 4.5G 3990 82.1
MambaOut-T Conv 27M 4.5G 3031 82.7
Swin-T Attn 29M 4.5G 2863 81.3
Twins-S Attn 24M 2.9G 2669 81.7
EfficientFormer-L3 Pool + Attn 31M 3.9G 3246 82.4
FasterViT-0 Conv + Attn 31M 3.3G 5651 82.1
Vim-S Conv + SSM 26M 5.3G 1079 80.1
VMamba-T Conv + SSM 30M 4.9G 1684 82.6
Spatial-Mamba-T Conv + SSM 27M 4.5G 1430 83.5
MambaVision-T Conv + SSM + Attn 32M 4.4G 6662 82.3
SF-Mamba-T Conv + SSM + Attn 32M 4.5G 7600 82.5

ConvNeXt-S Conv 50M 8.7G 2552 83.1
MambaOut-S Conv 49M 9.0G 1948 84.1
Swin-S Attn 50M 8.7G 1805 83.0
Twins-B Attn 56M 8.6G 1409 83.2
FasterViT-1 Conv + Attn 53M 5.3G 4402 83.2
EfficientViT-B3 Conv + Attn 49M 4.0G 2315 83.5
VMamba-S Conv + SSM 50M 8.7G 879 83.6
Spatial-Mamba-S Conv + SSM 43M 7.1G 990 84.6
MambaVision-S Conv + SSM + Attn 50M 7.5G 4933 83.3
SF-Mamba-S Conv + SSM + Attn 50M 7.6G 5639 83.5

ConvNeXt-B Conv 89M 15.4G 1943 83.8
MambaOut-B Conv 85M 15.9G 1195 84.2
Swin-B Attn 88M 15.4G 1377 83.5
Twins-L Attn 99M 15.1G 1059 83.7
EfficientFormer-L7 Pool + Attn 82M 10.2G 1573 83.3
FasterViT-2 Conv + Attn 76M 8.7G 3392 84.2
VMamba-B Conv + SSM 89M 15.4G 640 83.9
Spatial-Mamba-B Conv + SSM 96M 15.8G 670 85.3
MambaVision-B Conv + SSM + Attn 98M 15.0G 2974 84.2
SF-Mamba-B Conv + SSM + Attn 98M 15.1G 3534 84.4

Tab. 3 demonstrates which scan method is most efficient. Here, we evaluate with two macro-
architectures. One is MambaVision-T, and the other is an architecture in which all attention blocks in
MambaVision-T are replaced into Mamba blocks. The parallel bidirectional scan (bi-scan) requires
twice the SSM computation cost due to its parallel nature, resulting in inefficient computation. Even
in parallel bi-scan (cat), which halves the channel dimension to align MACs, the speed is slow due
to the tensor rearrangement cost.
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In contrast, the series bidirectional scan flips the token sequence at each layer, with odd-numbered
blocks scanning in the forward direction and even-numbered blocks scanning in the reverse direc-
tion. This design allows for the creation of global features without increasing the number of FLOPs.
However, the accuracy improvement is not as significant as expected. We hypothesize that DropOut
(Huang et al., 2016), which is effective in preventing overfitting and gradient vanishing, may not be
compatible with the series bidirectional scan architecture, which has an asymmetric structure across
layers. To this end, Adventurer (Wang et al., 2025b) style model does not achieve high accuracy,
although the introduced global averaged token actually improves from the normal series bi-scan set-
ting. Also, the flipping operation needed for the bi-scan the block incurs the speed with an O(n)
permutation cost.

On the other hand, our auxiliary token swapping only swaps two tokens, minimizing the slowdown
while achieving comparable or superior accuracy. The fact that the swapping improves a lot from
unidirectional scan with the Mamba only architecture indicates that it allows future-to-past token
information flow with the swapping, thereby facilitating the creation of better features (See Fig. 7).

4.2 SEMANTIC SEGMENTATION

Table 5: Semantic segmentation performance on ADE20K dataset using UperNet. We compare
with Swin Transformer (Liu et al., 2021), Focal Transformer (Yang et al., 2021), and MambaVision
(Hatamizadeh & Kautz, 2025). All models are trained at a resolution of 512×512 while FLOPs are
calculated with an input size of 2048×512. Frames per second (FPS) are measured with a batch size
of 1. SF-Mamba♣ uses a windowed attention to save computational cost.

Tiny-size Small-size Base-size
Backbone Para FLOPs mIoU fps Para FLOPs mIoU fps Para FLOPs mIoU fps

Swin 60M 945G 44.5 40.0 81M 1038G 47.6 25.7 121M 1188G 48.1 25.4
Focal 62M 998G 45.8 38.9 85M 1130G 48.0 24.0 126M 1354G 49.0 23.4
MambaVision 62M 1085G 46.0 45.0 81M 1166G 48.2 40.9 130M 1520G 49.1 37.3
SF-Mamba 62M 1085G 47.2 47.9 81M 1166G 48.5 45.4 130M 1520G 50.1 42.6
SF-Mamba♣ 62M 950G 46.5 48.7 81M 1014G 48.1 47.3 130M 1180G 49.1 42.7

25 30 35 40 45
fps

45

46

47

48

49

50

m
Io

U
 (

%
)

Swin
Focal
MambaVision

SF-Mamba
SF-Mamba

Figure 5: Throughput–accuracy trade-off on
ADE20K. The x-axis denotes frames per second
with batch size 1 setting (higher is better), and the
y-axis shows mIoU (higher is better). SF-Mamba
variants lie on the Pareto front.

Experimental Setup. We evaluate on
ADE20K (Zhou et al., 2017) using UperNet
(Xiao et al., 2018) as the segmentation frame-
work. This task requires assigning a semantic
class label to each pixel in the image across 150
categories. Models are trained with 512×512
crop resolution following standard protocols
(Liu et al., 2024; Xiao et al., 2025). Perfor-
mance is measured by mean Intersection over
Union (mIoU) (Csurka et al., 2013).

Results. Tab. 5 summarizes the semantic
segmentation performance on ADE20K. Seg-
mentation, unlike image classification, requires
both fine-grained pixel-level boundary detec-
tion and global structural understanding to ac-
curately identify object classes. Therefore, en-
abling the Mamba block to incorporate future
patch information through state swapping sig-
nificantly improves the accuracy compared to
the baseline MambaVision. During inference,
the model processes images at a resolution of
512×2048, which differs from the training reso-
lution. To accommodate this discrepancy, both
Mamba and Attention are implemented to process per windowed region, where the window size
matches the training image dimensions (see Appendix C.3 for details). Therefore, although the in-
ference speed is measured with a batch size of 1, the model still benefits from batch folding based
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on the number of windows, resulting in an improved speed. Our base size model is faster compared
to the Tiny versions of Swin and Focal Transformer, while achieving over 4 points higher mIoU.
This fact can be clearly understood if we visualize the accuracy-speed trade-off as shown in Fig. 5.
The best trade-off among recent visual backbones indicates that the proposed auxiliary patch swap-
ping improves both efficiency and generalization capability, offering superior accuracy per unit of
computational cost.

The SF-Mamba♣ configuration in Table 5 adopts more granular window attention to reduce the
quadratic computational cost of Attention by dividing the image into smaller windows. Meanwhile,
Mamba is not affected by long tokens. So, we do not use a window size smaller than the training
image size for the Mamba blocks to capture global context, resulting in better efficiency in terms of
FLOPs. More details can be found in Appendix D.4. Moreover, Table 12 in Appendix indicates that
much larger input images benefit a large speed gain in SF-Mamba♣ configuration.

5 CONCLUSION

In this paper, we rethink the recently effective visual Mamba approach from two perspectives. The
first is an efficient scanning method for vision tasks. Previous studies have addressed the causality
constraint of SSM by introducing multiple scan directions, but this comes with a significant drop in
inference speed. To overcome this, we propose auxiliary token swapping, which enables future-to-
past information flow without sacrificing inference speed, thereby achieving efficient scanning. The
second perspective investigates why Mamba tends to be slow in image processing. We identified the
bottleneck and proposed batch folding, a method that virtually extends the sequence length while
keeping the identical SSM output, resulting in faster processing without accuracy drop. SF-Mamba,
a novel Mamba-based framework with these proposals, achieves a superior accuracy-speed trade-off
compared to existing methods. Although the latter technique may not provide benefits during infer-
ence with batch size = 1, training typically uses batch size > 1, so the speed-up advantage is expected
in most training scenarios. Moreover, even with a batch size of 1, Mamba-based approaches–such as
those employing local windows as in our segmentation experiments or multi-directional scan–result
in an effective batch size larger than 1 for the SSM, thereby allowing for performance acceleration.
We believe that this work will advance the development of efficient and effective image recognition
models.
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Stéphane d’Ascoli, Hugo Touvron, Matthew L Leavitt, Ari S Morcos, Giulio Biroli, and Levent
Sagun. Convit: Improving vision transformers with soft convolutional inductive biases. In Inter-
national conference on machine learning, pp. 2286–2296. PMLR, 2021.

Stefan Elfwing, Eiji Uchibe, and Kenji Doya. Sigmoid-weighted linear units for neural network
function approximation in reinforcement learning. Neural networks, 107:3–11, 2018.

Omar Elharrouss, Yassine Himeur, Yasir Mahmood, Saed Alrabaee, Abdelmalik Ouamane, Fay-
cal Bensaali, Yassine Bechqito, and Ammar Chouchane. Vits as backbones: Leveraging vision
transformers for feature extraction. Inf. Fusion, 118:102951, 2025.

Kevin Galim, Wonjun Kang, Yuchen Zeng, Hyung Il Koo, and Kangwook Lee. Parameter-efficient
fine-tuning of state space models. In Forty-second International Conference on Machine Learn-
ing, 2025.

Albert Gu and Tri Dao. Mamba: Linear-time sequence modeling with selective state spaces. arXiv
preprint arXiv:2312.00752, 2023.

Ali Hatamizadeh and Jan Kautz. Mambavision: A hybrid mamba-transformer vision backbone. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pp. 25261–25270, 2025.

Ali Hatamizadeh, Greg Heinrich, Hongxu Yin, Andrew Tao, Jose M. Alvarez, Jan Kautz, and Pavlo
Molchanov. Fastervit: Fast vision transformers with hierarchical attention. In International Con-
ference on Learning Representations (ICLR), 2024.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recog-
nition. In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
770–778, 2016.

Kaiming He, Georgia Gkioxari, Piotr Dollár, and Ross Girshick. Mask r-cnn. In Proceedings of the
IEEE international conference on computer vision, pp. 2961–2969, 2017.

Gao Huang, Yu Sun, Zhuang Liu, Daniel Sedra, and Kilian Q Weinberger. Deep networks with
stochastic depth. In European conference on computer vision, pp. 646–661. Springer, 2016.

11

https://github.com/open-mmlab/mmsegmentation


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Salman H. Khan, Muzammal Naseer, Munawar Hayat, Syed Waqas Zamir, Fahad Shahbaz Khan,
and Mubarak Shah. Transformers in vision: A survey. ACM Comput. Surv., 54(10s):200:1–
200:41, 2022.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with deep convo-
lutional neural networks. Advances in neural information processing systems, 25, 2012.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying Sheng, Lianmin Zheng, Cody Hao Yu, Joseph E.
Gonzalez, Hao Zhang, and Ion Stoica. Efficient memory management for large language model
serving with pagedattention. In Proceedings of the ACM SIGOPS 29th Symposium on Operating
Systems Principles, 2023.

Yanyu Li, Geng Yuan, Yang Wen, Ju Hu, Georgios Evangelidis, Sergey Tulyakov, Yanzhi Wang,
and Jian Ren. Efficientformer: Vision transformers at mobilenet speed. In Advances in Neural
Information Processing Systems, volume 35, pp. 12934–12949, 2022.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollár, and C Lawrence Zitnick. Microsoft coco: Common objects in context. In European
conference on computer vision, pp. 740–755. Springer, 2014.

Leiye Liu, Miao Zhang, Jihao Yin, Tingwei Liu, Wei Ji, Yongri Piao, and Huchuan Lu. Defmamba:
Deformable visual state space model. In Proceedings of the Computer Vision and Pattern Recog-
nition Conference, pp. 8838–8847, 2025.

Yue Liu, Yunjie Tian, Yuzhong Zhao, Hongtian Yu, Lingxi Xie, Yaowei Wang, Qixiang Ye, Jianbin
Jiao, and Yunfan Liu. Vmamba: Visual state space model. In NeurIPS, 2024.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, pp. 10012–10022, 2021.

Zhuang Liu, Hanzi Mao, Chao-Yuan Wu, Christoph Feichtenhofer, Trevor Darrell, and Saining Xie.
A convnet for the 2020s. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 11976–11986, 2022.

Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully convolutional networks for semantic
segmentation. In Proceedings of the IEEE conference on computer vision and pattern recognition,
pp. 3431–3440, 2015.

Wenjie Luo, Yujia Li, Raquel Urtasun, and Richard Zemel. Understanding the effective receptive
field in deep convolutional neural networks. Advances in neural information processing systems,
29, 2016.

NVIDIA. cub::warpscan — cub 2.5 documentation. https://wmaxey.github.io/cccl/
cub/api/classcub_1_1WarpScan.html, 2025a. Accessed: 2025-09-15.

NVIDIA. Tensorrt llm. https://github.com/NVIDIA/TensorRT-LLM, 2025b. Accessed:
2025-11-27.
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A BROADER IMPACTS

Our work aims to improve the computational efficiency of state-space models for vision tasks, which
has potential benefits for both large-scale and resource-constrained deployment scenarios. The pro-
posed swapping and batch-folding mechanisms offer improved throughput at low resolution and
ultra-high resolution (See Table 12). This may reduce training and inference costs in high-resolution
applications such as medical imaging, aerial monitoring, and robotics.

Although we were unable to include evaluations on edge GPUs or mobile hardware in this submis-
sion, prior studies (Wei, 2025; NVIDIA, 2025b) have shown that Mamba kernels can be deployed
on devices such as NVIDIA Jetson and iOS through optimized runtimes (e.g., TensorRT, mobile ac-
celerators). Our method should be adaptable to these platforms since the same selective scan is used
in our core algorithm. Enabling efficient state-space model inference on edge devices may broaden
access to low-power real-time vision systems, but also calls for careful consideration of responsible
deployment in safety-critical or privacy-sensitive contexts.

B EXPERIMENTAL SETUP DETAILS

B.1 IMAGE CLASSIFICATION

We train our SF-Mamba variants (Tiny/Small/Base) on the ImageNet-1K dataset (Deng et al., 2009),
which contains 1.28M training images and 50K validation images across 1,000 categories. Follow-
ing the protocol of MambaVision (Hatamizadeh & Kautz, 2025), we adopt standard data augmenta-
tion (RandAugment, Mixup, CutMix) and regularization (Label Smoothing, Stochastic Depth). The
detailed hyperparameter settings are summarized in Table 6.

Table 6: Training configurations for SF-Mamba variants on ImageNet-1K. All models are trained
for 300 epochs following the MambaVision configuration (Hatamizadeh & Kautz, 2025).

Configuration SF-Mamba-T SF-Mamba-S SF-Mamba-B
Optimizer LAMB (You et al., 2019) LAMB LAMB
Base learning rate 5e-3 5e-3 5e-3
Learning rate schedule Cosine Cosine Cosine
Warmup epochs 20 20 35
Warmup learning rate 1e-6 1e-6 1e-6
Minimum learning rate 5e-6 5e-6 5e-6
Weight decay 0.05 0.05 0.075
Optimizer momentum (β1) 0.9 0.9 0.9
Optimizer momentum (β2) 0.999 0.999 0.999
Optimizer epsilon 1e-8 1e-8 1e-8
Gradient clipping (norm) 5.0 5.0 5.0

Total epochs 300 300 300
Batch size (total) 4,096 4,096 4,096
Input resolution 224×224 224×224 224×224

Mixup alpha 0.8 0.8 0.8
CutMix alpha 1.0 1.0 1.0
RandAug (Cubuk et al., 2020) rand-m9-mstd0.5 rand-m9-mstd0.5 rand-m9-mstd0.5
Label smoothing 0.1 0.1 0.1
Random erasing prob. 0.25 0.25 0.25

Model EMA ✓ ✓ ✓
EMA decay 0.9998 0.9998 0.9998
Mixed precision (AMP) ✓ ✓ ✓

B.2 OBJECT DETECTION AND INSTANCE SEGMENTATION

For MS COCO (Lin et al., 2014), we use Cascade Mask R-CNN (Cai & Vasconcelos, 2019b) im-
plemented in MMDetection (Chen et al., 2019). All backbones are initialized from ImageNet-1K
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pre-training. We use AdamW as the optimizer and adopt the commonly used 3× training schedule.
The batch size is 16. Further details follow MambaVision (Hatamizadeh & Kautz, 2025).

B.3 SEMANTIC SEGMENTATION

For ADE20K (Zhou et al., 2017), we use UperNet (Xiao et al., 2018) implemented in MMSeg-
mentation (Contributors, 2020). Backbones are initialized with ImageNet-1K pre-training. We use
AdamW as the optimizer with batch size 16. A polynomial learning rate decay schedule is applied,
consistent with MambaVision (Hatamizadeh & Kautz, 2025).

B.4 THROUGHPUT MEASUREMENT

We measure throughput on an NVIDIA A100 40GB GPU with a batch size of 128 and input images
of size 224×224 using automatic mixed precision, following established protocols (Hatamizadeh
et al., 2024; Hatamizadeh & Kautz, 2025). Note that some models in Fig. 1 have non-224×224
input resolution following the original setup ( e.g. MobileNetV4-H-M (Qin et al., 2024): 256×256,
MobileNetV4-H-L: 384×384, EfficientViT-B2(r256) (Cai et al., 2023): 256×256, EfficientViT-
B3(r288): 288×288, SHViT (Yun & Ro, 2024): 384×384). Our software environment consists
of CUDA 12.4, cuDNN 9, and PyTorch 2.6.0. To ensure a fair comparison, we measure the through-
put of all previous methods under the same experimental settings. We report the speed of the faster
memory format between channel last and channel first. The reported throughput values are the
medians over 500 inference runs, and for ours-T, the variation across 10 trials was 7600 ± 11.

C IMPLEMENTATION DETAILS

C.1 MACRO-ARCHITECTURE

MambaVision (Hatamizadeh & Kautz, 2025) combining Attention and Mamba, is a state-of-the-art
model as a macro-level structure for vision tasks, excelling in speed, performance, and scalabil-
ity. Therefore, our macro-architecture follows MambaVision with a four-stage hierarchical design.
Given an input image I ∈ RH×W×3, the stem and successive stages transform the resolution and
channel dimension as follows:

Stage 1: I
Stem + ConvBlock×N1−−−−−−−−−−−−−→ H

4 ×
W
4 ×D,

Stage 2: H
4 ×

W
4 ×D

Downsample + ConvBlock×N2−−−−−−−−−−−−−−−−−→ H
8 ×

W
8 × 2D,

Stage 3: H
8 ×

W
8 × 2D

Downsample + MambaBlock×N3/2 + AttenBlock×N3/2−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→ H
16 ×

W
16 × 4D,

Stage 4: H
16 ×

W
16 × 4D

Downsample + MambaBlock×N4/2 + AttenBlock×N4/2−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→ H
32 ×

W
32 × 8D,

Classifier: H
32 ×

W
32 × 8D

Global AvgPool + Linear−−−−−−−−−−−−−→ R#classes.

(6)

where Ni denotes the number of blocks to apply sequentially. In Stage 3 and 4, Ni Mamba Blocks
are applied followed by Ni Attention Blocks. The Mamba Block consists of a MambaVision Mixer
and an MLP. The MambaVision Mixer takes input as a patch sequence Xin ∈ RB×T×D and pro-
cesses it through two parallel branches: a selective SSM and a local convolutional path. Formally,

X1 = SSM
(
σ(Conv(LinearD→D(Xin)))

)
, X2 = σ(Conv(LinearD→D(Xin))),

Y = Linear2D→D(Concat(X1, X2)).
(7)

Here, σ is a SiLU activation (Elfwing et al., 2018), Conv is a 1-D depthwise convolution, and
SSM(·) denotes the SSM with selective scan ht = Atht−1 + Btxt, yt = Ctht. The two paths
are fused and projected back to dimension D, yielding the output Y . Unlike many visual Mamba
methods (Liu et al., 2024; Wang et al., 2025a), the MambaVision Mixer accelerates processing by
adopting a simple unidirectional scan. However, due to the causality constraint, it cannot reference
future patches from past ones, so future-to-past information flow relies on subsequent Attention
blocks.
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C.2 IMPLEMENTATION OPTIMIZATION FOR FASTER INFERENCE

As indicated by “impl. opt” in Tab. ??(a), we apply several implementation level optimizations not
written in the method section to accelerate inference. The details of these implementation optimiza-
tions are listed below:

• Removal of unused row-dimension chunking in the Mamba SSM kernel: As with
VMamba (Liu et al., 2024), we remove the unused row (channel) dimension chunking fea-
ture from the Mamba SSM kernel. This allows more intermediate variables to be handled
as float values rather than float arrays, resulting in improved speed.

• Suppressing hidden state output during inference: The Mamba SSM kernel is modified
so that it does not output hidden states except during training. Since hidden states are only
needed for backpropagation, avoiding their output during inference reduces unnecessary
memory write time.

• Replacing linear layers with pointwise 1D Convolution: As with VMamba, we replace
the linear layer that output the ∆t tensor with pointwise 1D convolutions. This reduces
unnecessary tensor rearrangement.

• Auxiliary token swapping with a Triton CUDA kernel: Although the computational cost
of the swapping is not significant, swapping data at non-contiguous positions is needed,
especially with the batch folded data. Converting this process to a Triton CUDA kernel
improves throughput slightly by about 40 img/s for ours-T and about 10 imag/s for ours-B,
although we can use none-Triton swapping for simplicity.

C.3 SEGMENTATION AND OBJECT DETECTION

In image classification, we followed the MambaVision meta-architecture. However, for object detec-
tion and instance segmentation on the COCO dataset (Lin et al., 2014), and semantic segmentation
on ADE20K (Zhou et al., 2017), we make some modifications. The reason is that processing high-
resolution images with Attention incurs significant computational cost. Based on our analysis, it
appears that MambaVision mistakenly omits the computational cost of Attention in terms of FLOPs
for the COCO and ADE20K tasks. Therefore, the FLOPs values for MambaVision in our table differ
from those reported in the original paper.

To address this, we made two improvements to create a more lightweight model architecture. The
first is to remove excessive padding regions. In MambaVision, large padding areas are added in
both the Mamba Block and the Attention Block to serve as additional computation regions, thereby
improving accuracy. Although it leads to a degradation in accuracy, we reduce computational cost
by removing these extra padding regions and lowering the resolution in Stage 3 and Stage 4 (e.g.
Stage 3: 112×112 to 84×84, Stage 4: 56×56 to 42×42 for COCO).

The second improvement is the use of windowed Attention. Since Attention has a quadratic cost
with respect to token length, we reduce computational cost by applying local windowed Attention
to Stage 3, which has a long sequence length. This also results in a slight drop in performance.

After applying these changes, our model architecture is as follows: The stem layer, Stage 1, and
Stage 2 are convolution-based and process the input image directly. Stage 3 processes features
padded to a resolution of 84×84 for COCO and 64×64 for ADE20K. Stage 4 processes images at
42×42 for COCO and 32×32 for ADE20K. Padding is necessary because these tasks require han-
dling images with various aspect ratios and resolutions. For task-specific decoders–Cascade Mask
RCNN (Cai & Vasconcelos, 2019a) (for COCO) and UperNet (Xiao et al., 2018) (for ADE20K)–
the padding regions are removed before input. When using windowed Attention, the window size
in Stage 3 is set to 42×42 for COCO and 32×32 for ADE20K. During training on ADE20K, the
model is trained with an input resolution of 512×512, whereas during evaluation it needs to pro-
cess resolutions up to 2048×512. Therefore, in Stage 3 and Stage 4 during the evaluation, both the
Mamba and Attention blocks handle feature maps larger than 64×64 or 32×32 by dividing them
into windowed patches for processing.
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D ADDITIONAL EXPERIMENTS

D.1 PRELIMINARY EVALUATION ON MULTI-DIRECTIONAL SCAN COST

We measure how much existing multi-directional scan methods affect throughput. As representa-
tive examples of multi-directional scan, we experiment with bi-directional scan (Zhu et al., 2024)
and cross-scan (Liu et al., 2024), which are commonly used as the basis for many scanning meth-
ods Wang et al. (2025a); Shi et al. (2024); Pei et al. (2025). To accurately identify the causes of
performance degradation, we conduct the following three simple experiments. The first experi-
ment measures the throughput using the original model structure as proposed, which includes multi-
directional scan. The second experiment measures the throughput of a model whose scan directions
are replaced with forward-only scans. The last experiment measures the throughput of a model
where all non-forward scan directions are removed from the original model. The difference between
the first and second experiments reflects the time spent on reordering tokens, which is required by
multi-directional scans. The difference between the second and third experiments indicates the time
cost of performing scans in parallel.

Fig. 6 shows how much of the total inference time is occupied by these components. Surprisingly,
we found that token reordering, which is not reflected in FLOPs, accounts for 5–8% of the total
processing time in models using multi-directional scan. Furthermore, performing parallel multi-
directional scans consumes an additional 28–42% of processing time, which means that the accuracy
gains of multi-directional scan must outweigh this cost. In the case of VMamba, the time spent
rearranging the data between 2D and 1D formats is additionally hidden under the ”others” category.

Our method is also included in the table as a reference. Direct comparison is difficult since our
model uses Attention too and the proportion of Mamba blocks is relatively small. However, auxiliary
token swapping in our method results in negligible processing time. As a result, in addition to the
effectiveness of batch folding, our model is significantly faster, although all three models have nearly
identical FLOPs.

0 0.1 0.2 0.3 0.4 0.5 0.6

ours-T (4.6GFLOPs)

Vim-S (5.3G FLOPs)

VMamba-T (4.9 GFLOPs)

42.3%

28.0%

0.9%

5.4%

7.8%

inference time [ms/img]

token reordering for scan parallel path others

Figure 6: Computational cost of multi-directional scan. This includes the time required to reorder
tokens for scanning from multiple directions, and the additional processing time incurred by setting
up parallel paths.

D.2 EFFECTIVE RECEPTIVE FIELD ANALYSIS

To better understand how our model captures spatial dependencies, we conduct an Effective Recep-
tive Field (ERF) analysis (Luo et al., 2016; Ding et al., 2022) following the methodology of Liu et al.
(2024). The ERF is computed by measuring the squared gradient of the output features with respect
to the center pixel, which highlights the regions most influential for each prediction. Fig. 7 shows the
ERF corresponding to the layers up to the Stage 3 Mamba blocks of tiny sized models. So, the ERF
for only Convolution and two Mamba blocks is shown. MambaVision uses a simple unidirectional
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Figure 7: Effective Receptive Field (ERF) comparison. This ERF corresponds to the layers up
to the Stage 3 Mamba blocks. MambaVision uses a simple unidirectional scan, which prevents it
from accessing future tokens (i.e., the lower part of the image) beyond what can be captured by
convolution. In contrast, SF-Mamba leverages auxiliary token swapping, allowing it to account for
both past and future tokens with similar strength. Since the auxiliary token swapping information
propagation follows the mechanism of SSM, it can be effectively achieved with just two tokens.

ResNet50 Swin-T Deit-S Vmamba-T MambaVision-T ours-T
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Figure 8: Effective Receptive Field (ERF) comparison of the entire model. SF-Mamba achieves
globally distributed ERFs with reduced computational complexity.

scan, which prevents it from accessing future tokens (i.e., the lower part of the image) beyond what
can be captured by convolution. In contrast, SF-Mamba leverages auxiliary token swapping, allow-
ing it to account for both past and future tokens with similar strength. Since the information propaga-
tion of auxiliary token swapping follows the mechanism of SSM, it can be effectively achieved with
only two tokens. Fig. 8 compares the ERFs of entire models. SF-Mamba leverages auxiliary patch
swapping to facilitate a global receptive field while maintaining high throughput. Unlike attention-
based architectures whose cost scales quadratically with the sequence length, SF-Mamba avoids this
overhead thanks to its state-space formulation. This demonstrates that SF-Mamba achieves global
context modeling with improved computational efficiency.

D.3 OBJECT DETECTION AND INSTANCE SEGMENTATION

Experimental Setup. We evaluate on MS COCO 2017 (Lin et al., 2014) using Cascade Mask R-
CNN (Cai & Vasconcelos, 2019a) as the detection framework. The task involves localizing objects
with bounding boxes (detection) and predicting pixel-level masks for each instance (segmentation).
We follow the standard 3× training schedule. We report both bounding-box average precision (AP)
and mask AP metrics following the COCO evaluation protocol (Lin et al., 2014).
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Table 7: Object detection and instance segmentation performance on MS COCO dataset using Cas-
cade Mask R-CNN. All models are trained with 3× schedule at 1280×800 resolution. We com-
pare with ConvNeXt (Liu et al., 2022), Swin Transformer (Liu et al., 2021), and MambaVision
(Hatamizadeh & Kautz, 2025). SF-Mamba♣ uses a windowed Attention (no window for Mamba
blocks) to save computational cost.

Backbone Params FLOPs fps APb APb
50 APb

75 APm APm
50 APm

75

Swin-T 86M 745G 26.3 50.4 69.2 54.7 43.7 66.6 47.3
ConvNeXt-T 86M 741G 32.1 50.4 69.1 54.8 43.7 66.5 47.3
MambaVision-T 89M 1118G 19.4 51.1 70.0 55.6 44.3 67.3 47.9
SF-Mamba-T 89M 741G 27.8 51.0 69.9 55.3 44.2 67.1 48.0
SF-Mamba♣-T 89M 659G 28.3 50.9 69.9 55.0 44.1 66.9 47.7

Swin-S 107M 838G 18.7 51.9 70.7 56.3 45.0 68.2 48.8
ConvNeXt-S 108M 827G 28.0 51.9 70.8 56.5 45.0 68.4 49.1
MambaVision-S 107M 1192G 20.5 52.3 71.1 56.7 45.2 68.5 48.9
SF-Mamba-S 107M 817G 28.7 52.4 71.1 56.7 45.4 68.5 49.1
SF-Mamba♣-S 107M 731G 28.8 52.1 71.0 56.4 45.2 68.4 48.8

Swin-B 145M 982G 18.6 51.9 70.5 56.4 45.0 68.1 48.9
ConvNeXt-B 146M 964G 26.0 52.7 71.3 57.2 45.6 68.9 49.5
MambaVision-B 155M 3000G 16.4 52.8 71.3 57.2 45.7 68.7 49.4
SF-Mamba-B 155M 1185G 26.8 52.8 71.3 57.2 45.8 68.9 49.4
SF-Mamba♣-B 155M 992G 27.6 52.6 71.3 57.2 45.7 69.0 49.2
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Figure 9: Accuracy-speed trade-off on MS COCO using (a) Casecade Mask-RCNN Cai & Vascon-
celos (2019b) and (b) Mask R-CNN He et al. (2017). Casecade Mask-RCNN is trained with the
3x schedule while Mask-RCNN is trained with the 1x schedule. In MambaVision and in our model
built on its macro-architecture, the tiny and small variants show a reversal in speed. This is because
the tiny model has three Attention layers in stage 3 and two in stage 4, whereas the small model has
two Attention layers in stage 3 and three in stage 4. When high-resolution images are used as input,
Attention computation becomes the bottleneck. Consequently, even though the tiny model has fewer
parameters, its throughput becomes lower due to the larger number of Attention layers in stage 3.
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Results. Tab. 7 presents the object detection and instance segmentation results on MS COCO. Our
approach again achieves improvements in both accuracy and efficiency over the baseline and also
outperforms the Swin and Focal Transformer, indicating its general applicability. As discussed in
Appendix D.4, by removing the extensive padding region used in the baseline and replacing global
attention with window-based attention, we achieve substantial efficiency gains at the expense of
some accuracy. For example, SF-Mamba♣-S, utilizing window Attention to save computational
cost, has smaller FLOPs than the tiny size models while achieving 1.0 and 0.9 points higher AP b

and APm. Thanks to the introduction of state swapping, we attain performance comparable to or
even surpassing the baseline. The clear improvement over the existing methods can be seen in Fig.
9(a).

D.4 EVALUATION OF EXCESSIVE PADDING AND WINDOWED ATTENTION IN
SEGMENTATION AND DETECTION TASKS

Table 8: The impact of excessive padding regions and the use of windowed Attention in terms of
computational cost and accuracy. With the excessive padding setting, Stage 3 uses large padding
sizes — 112×112 for COCO and 64×64 for ADE20K. In contrast, the w/o pad configuration min-
imizes padding to match the training image sizes, resulting in 84×84 for COCO and 32×32 for
ADE20K. Regarding local windows: A3 refers to the windowed Attention in Stage 3 and M3 refers
to the windowed Mamba in Stage 3. The configurations used for our models, SF-Mamba and
SF-Mamba♣ , are highlighted. For ADE20K, since large images are processed during testing, we

retain the large padding.

number of window ADE20K COCO
arch. w/o pad A3 A4 M3 M4 FLOPs mIoU FLOPs mAPb mAPm

w/o swap 1085G 46.0 1118G 50.9 44.1
w/ swap 1085G 47.2 1118G 51.2 44.5
w/ swap ✓ 950G 45.8 741G 51.0 44.2
w/ swap 4 950G 46.2 741G 50.9 44.0
w/ swap ✓ 4 942G 45.6 736G 50.9 44.0
w/ swap ✓ 4 4 941G 45.6 649G 50.5 44.0
w/ swap ✓ 4 4 4 4 941G 45.4 649G 50.3 43.9

As outlined in Appendix C.3, Tab. 8 presents an ablation study on the impact of excessive padding
regions and the use of windowed Attention in terms of computational cost and accuracy. Introducing
excessive padding enables the model to utilize additional spatial regions for additional computational
area, which leads to a modest accuracy gain. However, due to the quadratic scaling of Attention with
respect to token length, this improvement comes at a substantial computational cost.

We further examine the effect of applying Attention or Mamba within local windows. This consis-
tently resulted in accuracy degradation, suggesting that both mechanisms are effective in capturing
long-range dependencies. It is an advantage over convolutional approaches. Despite the drop in
accuracy, windowed Attention significantly reduces computational overhead. In contrast, Mamba
maintains linear complexity with respect to sequence length, which means that windowing does not
reduce its computational cost. Based on these findings, our SF-Mamba♣ applies windowing exclu-
sively to Attention, while utilizing Mamba for global modeling. Since windowed Attention restricts
complete future-to-past token information flow, our auxiliary token swapping mechanism plays a
critical role in enabling bidirectional context propagation. For high-resolution inputs, the benefits
of Mamba over Attention become even more pronounced. This indicates that increasing the use of
Mamba may further enhance performance in high-resolution segmentation and detection tasks.

D.5 OBJECT DETECTION AND INSTANCE SEGMENTATION WITH OTHER DETECTION HEADS

Experimental Setup. To evaluate the generality of our method on downstream tasks and compare
it with other existing image encoders, we also perform experiments on the COCO dataset (Lin et al.,
2014) using Faster R-CNN (Ren et al., 2015) and Mask R-CNN (He et al., 2017) detection heads.
Following prior work (Radosavovic et al., 2020; Liu et al., 2024), we train all models with the 1×
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schedule (12 epochs). The baselines which we compare are RegNetX (Radosavovic et al., 2020),
VMamba (Liu et al., 2024), and MambaVision (Hatamizadeh & Kautz, 2025). For MambaVision,
we disable excessive padding and instead use the same minimal padding strategy as our method to
compare with a comparable computational cost.

Results. We first present the Faster R-CNN results in Table 9. Under the aligned experimental set-
tings and matched computational cost, our method achieves a substantial performance improvement
over MambaVision.

The results with Mask-RCNN is shown in Table 10 and Fig. 9, showing consistent accuracy and
speed improvements over our baseline again. Although our method is weaker in accuracy compared
to VMamba within the same categories (T, S, or B), when comparing VMamba-T and SF-Mamba-B,
SF-Mamba-B surpasses VMamba-T in both speed and accuracy, clearly demonstrating a superior
performance–throughput trade-off. The Fig. 9(b) should be easy to understand the trade-off.

Table 9: Detection on COCO dataset using Faster R-CNN. The models are trained with 1x schedule
(12 epoch).

Backbone AP box fps
RegNetX-3.2GF 39.9 31.6
MambaVision-T 42.4 37.2
SF-Mamba-T 43.2 41.7
MambaVision-S 43.9 37.2
SF-Mamba-S 44.9 40.8
MambaVision-B 46.2 30.0
SF-Mamba-B 47.6 34.8

Table 10: Detection and instance segmentation on COCO dataset using Mask R-CNN. The models
are trained with 1x schedule (12 epoch).

Backbone APbox APmask FPS

VMamba-T 47.3 42.7 29.9
MambaVision-T 43.1 40.0 35.5
SF-Mamba-T 43.8 40.3 40.9

VMamba-S 48.7 43.7 23.3
MambaVision-S 44.4 41.0 33.4
SF-Mamba-S 45.3 41.5 41.0

VMamba-B 49.2 44.1 20.0
MambaVision-B 46.7 42.8 29.8
SF-Mamba-B 47.8 43.5 34.6

D.6 APPLICABILITY TO OTHER VISION MAMBA VARIANTS

Our two core contributions—auxiliary patch swapping and batch folding with periodic reset—can
be integrated into other visual Mamba variants. To demonstrate this, we add experiments on Vim
(Zhu et al., 2024) architecture as shown in Table 11.

When we remove the modules responsible for the inverse-direction scan in the Vim-S architecture
and make the model uni-directional, the accuracy drops, but the speed improves significantly. By
introducing the proposed auxiliary token swapping, we can recover most of the lost accuracy while
preserving the improved speed. Furthermore, unlike the MambaVision macro-architecture, Vim
makes extensive use of Mamba blocks, which allows our batch folding to yield a substantial speed
improvement. The resulting model achieves a speed similar to Vim-T but with substantially better
accuracy than Vim-T, demonstrating that our method offers a clearly superior accuracy–throughput
trade-off.

Our method has proven effective for architectures such as MambaVision and Vim but, there are also
limitations on which Visual Mamba models it can be applied to. For example, it is difficult to adapt
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our approach to architectures like VMamba (Liu et al., 2024), which incorporate 2D convolutions
inside the Mamba module. This is because these models must convert the data back into a 2D format
at every layer, but once auxiliary tokens are added, the data no longer conform to the original 2D
format. In addition, they cannot process data in the batch-folded representation; instead, they must
reconvert the data into the non-batch-folded format at every layer, which degrades the speed-up.

Table 11: Comparison on Vim-S macro-architecture. To match the parameter count, we increase the
channel dimension from 384 to 400 in the uni-scan model.

size scan Params MACs img/s acc.

S parallel-bi scan (Vim) 26M 5.3G 1079 80.3
S uni-scan 26M 4.9G 1639 79.3
S uni-scan + swap 26M 5.0G 1614 80.1
S uni-scan + swap + Bfold 26M 5.0G 2022 80.1

T parallel-bi scan (Vim) 7M 1.5G 2094 76.3

D.7 THROUGHPUT EVALUATION UNDER VARIOUS SCENARIOS

Here, we evaluate throughput across a variety of scenarios.

Higher Input Resolutions. A throughput comparison at higher input resolutions is shown in 12.
These results show that our proposed improvements preserve their benefits even as resolution scales.
The strategy using windowed Attention while using Mamba globally (SF-Mamba) remains partic-
ularly robust under extremely large inputs. This may reduce training and inference costs in high-
resolution applications such as medical imaging, aerial monitoring, and robotics.

Table 12: Throughput (images/s) for different models and resolutions. OOM denotes out-of-memory
with an A100 40GB GPU. We use a windowed Attention with a 32×32 size for SF-Mamba♣, the
same as the ADE20K setup. The ”-” for SF-Mamba♣ means that the feature sizes of both stage 3
and 4 are less than 32×32, so the same with SF-Mamba.

Model (batch size) 224 448 896 1792 3584

VMamba-T (bs=32) 1384 402 107 5 OOM
FasterViT-0 (bs=32) 1415 1400 418 99 OOM
MambaVision-T (bs=32) 3770 1578 324 50 5
SF-Mamba-T (bs=32) 3962 1777 397 61 6
SF-Mamba♣-T (bs=32) - - 427 105 27

VMamba-T (bs=1) 62 62 62 24 5
FasterViT-0 (bs=1) 44 43 43 43 12
MambaVision-T (bs=1) 119 121 120 48 5
SF-Mamba-T (bs=1) 126 126 125 54 6
SF-Mamba♣-T (bs=1) - - 120 89 26

Different Batch Sizes. The throughput measured under different batch sizes is summarized in Table
13. Although auxiliary token swapping introduces a slight increase in computational cost, the results
show that throughput consistently improves thanks to batch folding and other optimizations.

Table 13: Throughput with various batch sizes

Arch. 1 32 128 256 512 1024

MambaVision-T 119 3770 6662 7025 7134 7271
ours-T 126 3962 7600 7801 8009 8190

MambaVision-B 96 2798 2974 3128 3176 3206
ours-B 98 3168 3534 3592 3641 3685
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D.8 CONTRIBUTION OF ATTENTION AND MAMBA

Here, We analyze the contribution of Attention and Mamba as shown in Table 14. These results
show that while Attention provides beneficial bidirectional information flow, it alone is not suffi-
cient to match the full hybrid model. In contrast, SSM alone lags behind, but incorporating the
swapping mechanism yields a clear improvement. The best performance is achieved only when
both components–Attention and SSM (with swap)–are present. This supports our claim that token
swapping plays a complementary role to Attention rather than replacing it. Thanks to our batch
folding with periodic reset and auxiliary-token swapping, we can leverage Mamba to achieve im-
provements in the accuracy–speed trade-off even for low-resolution inputs.

Table 14: The contribution of Attention and Mamba.

Arch. Params img/s acc.
Attention only 34.2M 7803 82.3%
SSM only 29.4M 6238 80.2%
SSM only (w/ our Bfold and swap) 29.4M 7306 81.0%
Hybrid 31.8M 6979 82.2%
Hybrid (w/ our Bfold and swap) 31.8M 7600 82.5%
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