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Abstract
State Space Models (SSMs) have emerged as a
powerful and efficient alternative to Transformers,
demonstrating linear-time complexity and excep-
tional sequence modeling capabilities. However,
their application to vision tasks remains challeng-
ing. First, existing vision SSMs largely depend
on manually designed fixed scanning methods
to flatten image patches into sequences, which
imposes predefined geometric structures and in-
creases the complexity. Second, the broader adop-
tion of vision SSMs is hindered in domains that
require query-based interactions between distinct
information streams. This is a result of the inher-
ently causal and self-referential nature of SSMs
designed for 1D sequence modeling tasks. This
fusion mechanism is indispensable for critical per-
ception tasks such as multi-view 3D fusion. To
address these limitations, we propose Deformba,
a context adaptive method that dynamically aug-
ments the spatial structural information while
maintaining the linear complexity of SSMs. De-
formba also allows multi-modal fusion like cross
attention. To demonstrate the effectiveness and
general applicability of Deformba, we test its
performance on general 2D vision tasks such as
image classification, object detection, and seg-
mentation, as well as 3D vision tasks like BEV
perception. Extensive experiments show that
Deformba achieves strong performance across
various visual perception benchmarks. Code
will be available at: https://github.com/
amai-gsu/Deformba.git

1. Introduction
Recent State Space Models, such as HiPPO (Gu et al., 2020),
LSSL (Gu et al., 2021b), and S4 (Gu et al., 2021a), have
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Figure 1. The trade-off between ImageNet-1K top-1 accuracy
and inference throughput. Actual hardware used for inference
throughput is an NVIDIA RTX 6000 Ada GPU with a batch size
128. It can be seen that under the same inference throughput or
accuracy, the accuracy or inference throughput of our proposed
Deformba outperforms other methods.

gained attention as compelling alternatives to Transform-
ers in domains traditionally dominated by them (Zhu et al.,
2026b; Xu et al., 2025a; 2026; Liang et al., 2026a; Zhu
et al., 2026a; Liang et al., 2026b; Xu et al., 2025c; 2024;
2025b). By explicitly modeling the evolution of hidden
states, they achieve high efficiency in sequence processing.
In particular, Mamba (S6) (Gu & Dao, 2023) and Mamba2
(Dao & Gu, 2024) further improve this family with a selec-
tive scanning mechanism and hardware-aware parallelism
to enable efficient training and inference, achieving com-
parable performances to Transformers in natural language
processing tasks. This motivates SSMs to be applied for
2D vision tasks such as classification, object detection and
segmentation (Ma et al., 2025; Lee et al., 2025; Zhu et al.,
2024; Liu et al., 2024; Huang et al., 2024; Shi et al., 2025).

Despite this progress, extending SSMs into a practical vi-
sion SSM paradigm remains challenging. Standard SSMs
are built around a causal and self-referential state evolution
on 1D sequence, whereas visual understanding requires non-
causal spatial interaction over 2D feature maps. Previous
vision SSMs work addresses this mismatch by employing
hand-crafted scan orders to flatten 2D features into 1D se-
quence, such as sweeping scanning (Zhu et al., 2024), con-
tinuous scanning (Yang et al., 2024a), and local scanning
(Huang et al., 2024) (Figure 2(a)-(c)). While these designs
partially improve the alignment between spatial structure
and sequential computation, they remain constrained by
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Figure 2. Context-Adaptive State Fusion (CASF). Instead of relying on multiple predefined scanning methods (e.g., sweep-
ing/continuous/local), CASF decouples the SSM write/read and inserts an offset predictor to sample context-adaptive evidence from the
hidden state map and fuse it into the current state without additional scanning.

fixed scanning paths that a small set of scanning direc-
tion (e.g., the commonly used four-directional scanning)
might be insufficient to capture complex spatial relation-
ships, whereas adding more directions increases compu-
tation and memory. Moreover, any fixed scanning path
inevitably perturbs the native 2D neighborhood structure.
Serialization can break spatial continuity and bias interac-
tion patterns toward the chosen scanning direction, which
makes spatial modeling sensitive to the imposed ordering
(Xiao et al., 2024a; Liu et al., 2025a).

On the other hand, many modern perception systems rely
on query-to-source interactions between distinct feature
streams, such as fusing multi-view features or aggregating
multi-scale representations. A widely adopted architectural
pattern is to maintain a set of task-specific query tokens and
let them selectively gather information from one or more
sequences of source features. Representative examples in-
clude BEV grid queries that aggregate evidence from multi-
view image features for 3D perception (Li et al., 2022a;
Yang et al., 2023; Ke et al., 2025b), and object queries that
capture information from multi-scale feature maps for 2D
detection (Zhu et al., 2020; Wang et al., 2022b; Huang et al.,
2025). This query-based fusion is central to tasks beyond
single-image recognition, yet it is not naturally supported
by conventional SSM formulations, but commonly real-
ized by cross-attention in Transformer architectures. This
raises a fundamental methodological question: Can the SSM
paradigm be extended into an efficient vision paradigm that
is effective not only for general 2D image tasks, but also for
query-to-source interaction, while retaining the efficiency
advantages of state-based computation?

Motivated by this perspective, we propose Deformba, a vi-

sion state space framework that extends the vision SSM
paradigm in two complementary directions. At its core, De-
formba introduces Context-Adaptive State Fusion (CASF),
which performs context-adaptive state reading to dynami-
cally gather spatially relevant evidence under the guidance
of hidden states. Specifically, a single unidirectional scan is
only used to fit into SSM and write a shared state memory.
The interaction topology is learned by spatial aware sam-
pling rather than predefined scan methods. As a result, De-
formba enables flexible spatial interaction for single-image
2D tasks, and also supports query-to-source fusion where
external queries sparsely retrieve spatial evidence from the
same shared memory. These capabilities are unified within
one design, allowing Deformba to serve both general 2D
perception and multi-modal 3D perception.

We conducted extensive experiments to evaluate the effec-
tiveness and general applicability of Deformba. For general
2D vision tasks, we test image classification, object detec-
tion, instance segmentation, and semantic segmentation. We
further evaluate Deformba on the 3D perception task such
as BEV 3D detection where multi-modal fusion is essential.
Extensive experiments demonstrate that Deformba achieves
or surpasses the performance of state-of-the-art benchmarks.

2. Related Work
2.1. Vision State Space Models as Alternatives to

Self-Attention

SSMs have emerged as a compelling alternative to Trans-
formers. A major advance is Mamba (Gu & Dao, 2023;
Dao & Gu, 2024), which introduces the selective state space
model (S6). As with other linear attention methods (Schlag
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Figure 3. Deformba architecture and block designs. The network adopts a four-stage hierarchical backbone with downsampling
between stages and stacks Deformba blocks; each block consists of a Context-Adaptive SSM (with CASF) and a ConvFFN under residual
connections.

et al., 2021; Yang et al., 2024b), Mamba employs input-
dependent parameters to enable interaction across sequence
elements. However, adapting these inherently 1D models to
2D vision tasks presents challenges. Previous works (Zhu
et al., 2024; Liu et al., 2024; Yang et al., 2024a; Huang et al.,
2024; Shi et al., 2024; Xiao et al., 2024b) successfully adapt
State Space Models to vision by treating spatial dimensions
as sequences through different predefined scanning methods.
Approaches such as Vision Mamba (Vim) (Zhu et al., 2024)
and VMamba (Liu et al., 2024) treat an image as a sequence
of flattened patches. To preserve spatial relationships, they
often employ a multi-scan strategy. While effective to some
extent, processing the data multiple times with different pre-
defined flattening orders (e.g., row-wise and column-wise)
increases the complexity and introduces architectural rigid-
ity, highlighting an unnatural fit between the causal structure
of SSMs and the non-causal nature of spatial data.

2.2. Vision State Space Models as Alternatives to
Cross-Attention

Most existing SSM-based vision models (Xiao et al., 2024a;
Ma et al., 2025; Liu et al., 2025a; Li et al., 2025) still operate
on a single image or feature modality. They do not provide
a general mechanism for query-based fusion across multiple
feature sequences, such as multi-view, multi-scale, or multi-
modal streams. In particular, there is no SSM counterpart to
cross-attention. The causal state evolution in standard SSMs
makes it difficult for a query sequence to non-causally read
from other sequences. In contrast, our work explicitly tar-
gets this gap by endowing SSMs with the CASF mechanism
between multiple feature streams. The application of SSMs
to query-based fusion is a nascent but growing field. One of
the examples is BEV perception. Recent works like Voxel
Mamba (Zhang et al., 2024), MamBEV (Ke et al., 2025b)
and TinyBEV (Ke et al., 2025a) represent important first
steps. Voxel Mamba introduces a group-free strategy that

serializes the entire voxel space into a single sequence by
employing a dual-scale SSM block. MamBEV and Tiny-
BEV replace the standard cross-attention in Transformer-
based models with an SSM-based cross-attention module,
retaining the separate query-and-pull fusion paradigm but
with linear complexity. These methods primarily use SSMs
as a component replacement within existing architectural
frameworks. And they concatenate or mix queries and multi-
direction image features into a single sequence, passing to
SSM equation directly. In contrast, our proposed Deformba
allows the model to break free from the rigid causality of the
SSM scan, enabling it to aggregate features from the entire
global context without resorting to quadratic-cost attention
or inefficient multi-scan patterns.

3. Preliminaries
State Equation. The Mamba SSM maintains a hidden
state St to compress information in the sequence, which is
updated recurrently as follows:

St = αtSt−1 + vtk
⊤
t ∈ Rdv×dk , (1)

where vt, kt, and αt are a function of the input token xt ∈
X . In a classic construction of linear attention, the input
sequence decodes the final state ST using the following
function:

O = STQ ∈ RLq×dv (2)

In Mamba and Mamba2, the state equation compresses the
key-value sequence using a decay term αt ∈ Rdα , which
acts as a forget gate for information which is no longer
relevant to the current token. In self-attention settings, The
query, key, and value sequences are based on the input
sequence, where the relevance of stored information can be
inferred directly from the current token.
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Figure 4. Deformba Cross Attention. To enhance spatial understanding under Mamba’s causal constraints, each query samples relevant
image features using learned offsets. This process enables global spatial interaction without expensive scans.

When emulating cross-attention, the state equation above
is used to compress information from the key and value
input, and the query input sequence decodes the final state
ST . However, in cross-attention settings, the relevance of
the information in the state is a function of the query input
sequence. If all information in the sequence cannot be com-
pressed into a state of a given size, then a larger state size
is required. For example, BEV encoding has a static key-
value sequence length, but the information density varies.
Additionally, the downstream tasks, such as BEV, demand
a highly accurate representation of the environment, mean-
ing the state should be large enough to accommodate edge
cases but also requires high efficiency for edge deployment.
These requirements would naively push SSM-based cross-
attention towards ever larger state sizes, undermining its
efficiency advantages. Instead of increasing the capacity of
St, we seek a mechanism that keeps the recurrent state com-
pact and hardware-friendly, yet allows queries to selectively
access information from the key–value sequence.

4. Methods
Our target is to update each image feature/query using rel-
evant information in the sequence. In this section, we first
describe the overall architecture of the proposed network
for 2D image tasks. Next, we introduce Context-Adaptive
State Fusion (CASF). Then, we describe how the Deformba
block is adapted for cross-attention. Finally, we provide our
theoretical analysis of the computation.

4.1. Network Architecture.

The overall architecture of Deformba is shown in Figure
3. The input image x ∈ RH×W×3 passes through an
overlapped stem layer to generate 2D feature map of size

H
4 ×

W
4 ×C. Then this feature map is fed into four successive

stages to create hierarchical representations of dimensions
H
8 × W

8 ×2C, H
16 ×

W
16 ×4C and H

32 ×
W
32 ×8C. Each stage

is composed of multiple stacked Deformba blocks followed
by a downsampling layer by a factor of 2 and feature dimen-
sion increase, except for the last stage. Finally, a prediction
head is employed to process these features. Specifically, the
Deformba block serves as the fundamental building block
of our architecture, comprising a Context-Adaptive SSM for
state fusion and a convolutional FFN with skip connections
to increase locality inductive bias.

4.2. Context-Adaptive State Fusion

As shown in Figure 2, we propose CASF, which is designed
to address the limitation of predefined scanning methods
in Vision State Space Models. Existing approaches restrict
spatial interaction to fixed scan orders. In contrast, CASF
enables each image feature to adaptively aggregate spatially
relevant information under the guidance of its hidden state.
The core mechanism of our method splits the SSM computa-
tion into read and write steps and inserts an offset prediction
network to obtain the positions of the focused regions in
the middle. We decouple the SSM write operation from the
SSM read operation, applying them to image features.

Specifically, we first leverage the SSM’s write recurrence
from Eq. 1 to encode the entire 2D image feature map F.
This operation, performed using a single sweeping scan,
generates a context-aware hidden state sequence {St}Lt=1

and its 2D form S2D ∈ RH×W×C . Based on S2D, we
predict a set of sampling offsets to retrieve spatial evidence
in a data-driven manner, instead of relying on predefined
neighborhood patterns.

Formally, given the states {St}Lt=1 from the SSM write pass,
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we predict spatial offsets for each token to retrieve infor-
mative evidence from the 2D state map S2D. Specifically,
we employ a lightweight offset prediction network foff(·) to
generate G groups of 2D offsets:

∆p = foff(S2D) ∈ RH×W×2G, (3)

where G is defined as dmodel

dhead
, in our setting, G = 8.

Based on previous work that Mamba-based architectures
inherently suffer from channel redundancy (Shaker et al.,
2025; Ma et al., 2025), and that offset prediction benefits
from global perception. We apply Efficient Channel Atten-
tion (ECA) (Wang et al., 2020) after a depthwise convolution
in foff(·) to suppress redundant channels and inject global
context through global average pooling with negligible over-
head. ECA(·) can be expressed as:

ECA(U) = U⊙ σ
(
Conv1D

(
PoolH,W (U)

))
, (4)

where U ∈ RB×C×H×W , PoolH,W (·) denotes average
pooling over spatial dimensions, i.e., [PoolH,W (U)]b,c =

1
HW

∑H
i=1

∑W
j=1 Ub,c,i,j , Conv1D(·) is applied along the

channel dimension, and σ(·) is the sigmoid function.

Given the reference point coordinates E , which is centered
on the image feature query in self attention case. For cross
attention in BEV perception case, the reference point E fol-
lows BEVFormer style initialization, the sampling positions
are obtained by:

P = E +∆p. (5)

Since P contains a decimal part, it cannot be used directly.
We use bilinear interpolation to sample features from S2D

at these positions and fuse them back to update the current
state along with learned weights w ∈ RH×W×G:

SQ =

G∑
g=1

wg · ϕ(S2D,Pg), (6)

where ϕ(S2D,Pg) denotes bilinear sampling on S2D at lo-
cation Pg. This spatial-aware sampling process efficiently
captures information across the global receptive field with-
out additional expensive scans. w is generated from process-
ing S2D with a linear layer. In practice, the number of scans
is 1 and |∆p| is small, leading to an efficient complexity of
O(L). The final output is generated from the enriched state
SQ using the output projection equation:

O = SQQ+VD, (7)

where Q and D are the projection parameters associated
with V . The remaining operations follow that of Mamba,
but we omit the element-wise gating, retaining the layer
norm followed by a linear layer.

Therefore, global long-range dependencies with spatial de-
tails are injected into the state map and augmented repre-
sentational capacity. This enhances the model’s adaptability

and comprehensive scene understanding. Notably, different
from DefMamba, which introduces deformability into the
scanning process itself by predicting both 2D point offsets
and token-index offsets, our Deformba keeps the SSM write
pass fixed. Instead of dynamically modifying the scan order
before state writing, Deformba introduces adaptivity during
the read stage.

4.3. Deformba Adapted for Cross-Attention

A key advantage of Deformba is that its write–read decou-
pled formulation is not tied to self-attention. The proposed
CASF first writes a context-aware state memory from a
source sequence using a single SSM scan and then reads
spatial evidence from the written state map through learned
sampling offsets. This paradigm makes it directly applicable
to cross-attention. The general problem setup is we aim to
take a set of input image feature maps F and a set of queries
B. The module is tasked to select information from F to
update B in a supervised learning problem. An illustration
is displayed in Figure 4 for the multi-view case.

Minimal changes. Compared to Deformba self-attention
block, the SSM write pass is unchanged: we still scan the
source image tokens once to obtain a context-aware state
memory. The only difference lies in the read pass: an
external set of queries B produces the query embedding Q
and predicts query-specific offsets, so each query samples
a distinct set of locations from the shared state map and
aggregates them into SQ to update the final output.

With these changes, Deformba-XA retains the same compu-
tational pattern as Deformba. Therefore, it shows the general
applicability of Deformba that supports both self-attention
style feature mixing and cross-attention style query-to-
context aggregation with the same underlying CASF mech-
anism. More details about Deformba Cross Attention are
provided in the Appendix section A.1.

Our CASF decouples write and read, therefore the same
mechanism supports both self-attention-style mixing and
cross-attention-style query-to-source retrieval with minimal
changes to the write pass. This write-once, adaptive-read-
many paradigm is the key conceptual novelty of our work
beyond simply adding a deformable module to Mamba.

4.4. Efficiency

Selective State Space models and more generally linear
attention models typically use one of two algorithms to
leverage powerful parallelization hardware during training.
The first is an associative parallel scan, which can compute
the states and outputs for a sequence of length N in O(N)
total work. The second is a blockwise associative paral-
lel scan, which computes the states and outputs in chunks,
leveraging modern SIMT GPU compute architectures more
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Classification results on ImageNet with 300 epochs
Method Type Params(M)↓ FLOPs(G)↓ Top-1(%)↑
ConvNeXt-T CNNs 29 5.0 82.5
RegNetY-4G CNNs 21 4.0 80.0
MambaOut-T CNNs 27 4.5 82.7
UniRepLKNet-T CNNs 31 4.9 83.2
InternImage-T CNNs 30 5.0 83.5
SwinV2-T ViTs 28 4.4 81.8
NAT-T ViTs 28 4.3 83.5
StructViT-S-8-1 ViTs 24 5.4 83.3
QFormerh-T ViTs 29 4.6 82.5
Swin-T ViTs 28 4.5 81.3
CMT-S ViTs 25 4.0 83.5
VMamba-T SSMs 22 5.6 82.6
MSVMamba-T SSMs 33 4.9 83.0
LocalVMamba-T SSMs 26 5.7 82.7
DefMamba-S SSMs 32 4.8 83.5
Deformba-T SSMs 25 4.8 83.8
ConvNeXt-S CNNs 50 8.7 83.1
RegNetY-8G CNNs 39 8.0 81.7
MambaOut-S CNNs 48 9.0 84.1
UniRepLKNet-S CNNs 56 9.1 83.9
InternImage-S CNNs 50 8.0 84.2
SwinV2-S ViTs 49 8.5 83.8
NAT-S ViTs 51 7.8 83.0
CrossFormer-B ViTs 52 9.2 83.4
QFormerh-S ViTs 51 8.9 84.0
Swin-S ViTs 50 8.7 83.0
TransNeXt-S ViTs 50 10.3 84.7
VMamba-S SSMs 44 11.2 83.6
MSVMamba-S SSMs 50 8.8 84.1
LocalVMamba-S SSMs 50 11.4 83.7
DefMamba-B SSMs 51 8.5 84.2
Deformba-S SSMs 45 10.3 84.9
ConvNeXt-B CNNs 89 15.4 83.8
RegNetY-16G CNNs 84 16.0 82.9
MambaOut-B CNNs 85 15.8 84.2
InternImage-B CNNs 97 16.0 84.9
SwinV2-B ViTs 88 15.1 84.6
NAT-B ViTs 90 13.7 84.3
QFormerh-B ViTs 90 15.7 84.1
Swin-B ViTs 88 15.4 83.5
TransNeXt-B ViTs 90 18.4 84.8
VMamba-B SSMs 75 18.0 83.9
MSVMamba-B SSMs 91 16.3 84.4
Deformba-B SSMs 85 16.3 85.4

Table 1. Comparison of classification performance on the
ImageNet-1K dataset with 300 epochs training.

effectively to reduce runtime, though still in O(N) total
work (if Q is chunksize then total work is O(QN)). De-
formba is able to utilize either method as we set the state
size to 1, though we utilize the non-blockwise algorithm in
our sample implementation.

Computation. The computational complexity of the De-
formba Block is dominated by the linear projections and
the offset prediction method, both of which scale linearly
with the sequence length L = H × W . Unlike standard
self-attention mechanisms that require O(L2) operations to
compute pairwise token interactions, the recurrent state up-
date processes the sequence in O(LCN) operations, where
N is a fixed state size; hence the complexity is linear in
L with N acting as a constant factor. Additionally, the
adaptive sampling step introduces a small spatial retrieval
overhead that remains efficient due to its sparsity. Instead of
attending to all L pixels, each token samples a small, fixed
number of points K, resulting in a complexity of O(LK)
for the sampling step. The Efficient Channel Attention

mechanism used to generate these offsets utilizes a 1D con-
volution with a fixed kernel size, adding a negligible O(C)
computational cost and avoiding the quadratic complexity
typically associated with generating dense attention maps
for offset regression. Analysis for I/O and memory shows
in the Appendix section B.

Single Scan. In Deformba, the scan is used to construct a
state memory S2D, while the final interaction topology is
established by CASF through adaptive reading. Formally,
the write recurrence St = αSt−1 + vtk

T
t , defines a fixed

directed write graph, whereas CASF introduces learned
read edges through Equations 5 and 6. Hence, the effective
interaction graph is Geff = Gwrite ∪Gread, which is not
determined by scan order alone. This explains why a single
scan can be adequate in practice. The final receptive field of
tokens become a union of multiple written state receptive
fields selected by adaptive reading. In perspective of state
compression, this avoids forcing the write process alone
to preserve all 2D dependencies, which would otherwise
require a larger state. In this sense, the role of the single
scan is efficiency-preserving state construction, while CASF
provides the missing non-causal spatial information flow.

5. Experiments
5.1. Image Classfication

Settings. Image classification experiments are conducted
on the ImageNet-1K dataset (Deng et al., 2009). Our train-
ing setup adopts the commonly used experimental setting
in pervious work (Touvron et al., 2021; Liu et al., 2021).
The experiments are conducted on 8 A6000 GPUs for 300
epochs on images with a resolution of 224×224 and a learn-
ing rate of 5× 10−4. We used a linear warmup for the first
20 epochs from 5× 10−7. Following the warmup, the learn-
ing rate follows a cosine decay schedule with a decrease
from the base learning rate to a minimum learning rate of
5× 10−6 with a weight decay rate of 0.1. Optimization is
performed with AdamW with betas set to (0.9, 0.999) and
momentum at 0.9. To further refine model accuracy and
generalization, we incorporate exponential moving average
(EMA) techniques.

Results. Table 1 presents our proposed Deformba
with various state-of-the-art (SOTA) methods such as
convolution-based, transformer-based and mamba-based
architectures. Specifically, our base model, Deformba-
B, achieves 85.4% Top-1 accuracy, which outperforms
CNNs based MambaOut-B (Yu & Wang, 2025), ViTs based
TransNeXt-B (Shi, 2024) and SSMs based VMamba-B by
1.2%, 0.6% and 1.5%, respectively, with similar amount of
parameters and FLOPs. Compared to models categorized
as Small and Tiny, Deformba consistently outperforms its
counterparts by achieving Top-1 accuracies of 84.9% and
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Table 2. Comparison of object detection and instance segmentation
performance on the MS COCO dataset. FLOPs are calculated with
input resolution of 1280× 800.

Mask R-CNN 1× schedule

Backbone APb APb
50 APb

75 APm APm
50 APm

75 #Param. FLOPs

Swin-T 42.7 65.2 46.8 39.3 62.2 42.2 48M 267G
DAT-T 44.4 67.6 48.5 42.4 66.1 45.5 48M 272G
CSWin-T 46.7 68.6 51.3 42.2 65.6 45.4 42M 279G
ConvNeXt-T 44.2 66.6 48.3 40.1 63.3 42.8 48M 262G
VMamba-T 47.3 69.3 52.0 42.7 66.4 45.9 50M 271G
VSSD-T 47.0 69.5 51.6 42.8 66.5 46.1 52M 298G
MSVMamba-T 46.9 68.7 51.4 42.5 66.2 45.8 52M 275G
Spatial-Mamba-T 47.6 69.6 52.3 42.9 66.5 46.2 46M 261G
DefMamba-S 47.5 69.6 51.7 42.8 66.3 46.2 – 268G
MambaOut-T 45.1 67.3 49.6 41.0 64.1 44.1 43M 262G
Deformba-T 48.1 69.8 52.6 43.3 66.8 46.5 45M 266G

Swin-S 44.8 66.6 48.9 40.9 63.2 44.2 69M 354G
DAT-S 47.1 69.9 51.5 42.5 66.7 45.4 69M 378G
CSWin-S 47.9 70.1 52.6 43.2 67.1 46.2 54M 342G
ConvNeXt-S 45.4 67.9 50.0 41.8 65.2 45.1 70M 348G
VMamba-S 48.7 70.0 53.4 43.7 67.3 47.0 70M 349G
VSSD-S 48.9 71.1 53.8 43.9 68.1 47.4 77M 381G
MSVMamba-S 48.1 70.1 52.8 43.2 67.3 46.5 70M 349G
Spatial-Mamba-S 49.2 70.8 54.2 44.0 67.9 47.5 63M 315G
MambaOut-S 47.4 69.1 52.4 42.7 66.1 46.2 65M 354G
Deformba-S 50.0 71.5 55.0 44.7 68.7 48.3 64M 374G

Swin-B 46.9 69.2 51.6 42.3 66.0 45.5 107M 496G
ViT-Adapter-B 47.0 68.2 51.4 41.8 65.1 44.9 102M 557G
CSWin-B 48.7 70.4 53.9 43.9 67.8 47.3 88M 496G
ConvNeXt-B 47.0 69.4 51.7 42.7 66.3 46.0 111M 507G
VMamba-B 49.2 70.9 53.9 43.9 67.7 47.6 108M 485G
VSSD-B 49.9 72.1 54.7 44.8 69.1 48.3 108M 506G
Spatial-Mamba-B 50.4 71.8 55.3 45.1 69.1 49.1 115M 494G
Deformba-B 50.6 72.0 55.8 45.2 69.3 48.9 106M 496G

Mask R-CNN 3× MS schedule

Backbone APb APb
50 APb

75 APm APm
50 APm

75 #Param. FLOPs

Swin-T 46.0 68.1 50.3 41.6 65.1 44.9 48M 267G
PVTv2-B2 47.8 69.7 52.6 43.1 66.8 46.7 45M 309G
ConvNeXt-T 46.2 67.9 50.8 41.7 65.0 44.9 48M 262G
MSVMamba-T 48.7 69.8 53.3 43.4 67.2 46.8 52M 275G
VMamba-T 48.8 70.4 53.5 43.7 67.4 47.0 50M 271G
VSSD-T 49.1 71.2 53.5 44.0 67.6 47.4 52M 298G
LocalVMamba-T 48.7 70.1 53.0 43.4 67.0 46.4 45M 291G
Spatial-Mamba-T 49.3 70.7 54.3 43.8 67.8 47.2 46M 261G
Deformba-T 50.1 71.2 54.9 44.5 68.5 48.2 45M 266G

Swin-S 48.2 69.8 52.8 43.2 67.0 46.1 69M 354G
PVTv2-B3 48.4 69.8 53.3 43.2 66.9 46.7 65M 397G
ConvNeXt-S 47.9 70.0 52.7 42.9 66.9 46.2 70M 348G
MSVMamba-S 49.7 70.9 54.3 44.2 68.0 47.9 70M 349G
VMamba-S 49.9 70.9 54.7 44.2 68.2 47.7 70M 349G
VSSD-S 50.7 72.2 55.8 45.1 69.4 48.8 77M 381G
LocalVMamba-S 49.9 70.5 54.4 44.1 67.8 47.4 69M 414G
Spatial-Mamba-S 50.5 71.5 55.7 44.6 68.7 68.7 63M 315G
Deformba-S 50.7 71.9 55.7 45.1 69.2 48.9 64M 374G

Swin-B 48.6 70.0 53.4 43.3 67.1 46.7 107M 496G
PVTv2-B5 48.4 69.2 52.9 42.9 66.6 46.2 102M 557G
ConvNeXt-B 48.5 70.1 53.3 43.5 67.1 46.7 108M 486G
Deformba-B 51.8 72.4 56.8 45.6 69.8 49.3 106M 496G

83.8%, respectively.

5.2. Object Detection and Instance Segmentation

Settings. Our evaluation of Deformba utilizes the MS
COCO dataset (Lin et al., 2014) within the Mask R-CNN
framework (He et al., 2017) for tasks related to object de-
tection and instance segmentation. All experiments are con-
ducted using the MMDetection (Chen et al., 2019) frame-
work. We apply Deformba-T/S/B pretrained on ImageNet-
1K as backbones. Following prior work (Liu et al., 2021),
we train the model for 12 epochs (1× schedule) and 36

Table 3. Comparison of semantic segmentation on the ADE20K
dataset. FLOPs are calculated with cropped input resolution of
512× 2048. ‘SS’ and ‘MS’ represent single-scale and multi-scale
testing, respectively.

Method mIoU (SS) mIoU (MS) #Params FLOPs

UniRepLKNet-S 50.5 51.0 86M 1036G
Swin-S 47.6 49.5 81M 1039G
Agent-Swin-S 48.1 – 81M 1043G
ConvNeXt-S 48.7 49.6 82M 1027G
NAT-S 48.0 49.5 82M 1010G
QFormerh-S 48.9 50.3 82M –
PartialFormer-B3 48.3 – 95M 1005G
MambaOut-S 49.5 50.6 76M 1032G
VMamba-S 50.6 51.2 82M 1028G
LocalVMamba-S 50.0 51.0 81M 1095G
Deformba-S 50.6 51.7 75M 1052G

Swin-B 48.1 49.7 121M 1188G
Agent-Swin-B 48.7 – 121M 1196G
ConvNeXt-B 49.1 49.9 122M 1170G
NAT-B 48.5 49.7 123M 1137G
QFormerh-B 49.5 50.6 123M –
MambaOut-B 49.6 51.0 112M 1178G
VMamba-B 51.0 51.6 122M 1170G
Deformba-B 52.0 52.6 117M 1177G

epochs (3× schedule) with multi-scale inputs. Optimization
is to use the AdamW optimizer, with an initial learning rate
of 0.0001 and a batch size of 16 and also MESA (Du et al.,
2022).

Results. Table 2 details the results on the MS COCO dataset.
All variants of Deformba demonstrate comparable or supe-
rior performance in various configurations. For 3× schedule,
Deformba-B demonstrates a significant advantage whcih
achieves a bounding box mAP of 51.8% and a mask mAP
of 69.8%, outperforming ConvNeXt-B (Liu et al., 2022),
PVTv2-B5 (Wang et al., 2022a) and Swin-B (Liu et al.,
2021) by 3.3%, 3.4% and 3.2% in bounding box mAP and
2.7%, 3.2% and 2.7% in mask mAP with comparable or
fewer parameters and FLOPs, respectively. Furthermore,
our method demonstrates superior performance to other
methods under the same configuration. The 1× multi-scale
training schedule has the same trends.

5.3. Semantic Segmentation

Settings. We evaluate the sematic segmentation perfor-
mance using the ADE20K dataset (Zhou et al., 2017).
Our experiments adopt the widely used UPerNet segmen-
tor (Xiao et al., 2018) and the MMSegmentation frame-
work (Contributors, 2020). The backbone is pretrained on
ImageNet-1K followed by previous work (Liu et al., 2021).
This training process includes 160K iterations with a batch
size of 16 and model optimization uses the AdamW opti-
mizer with a weight decay of 0.05 and a learning rate of
6× 10−5. All experiments were conducted using a default
input resolution of 512× 512.
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Method Backbone # Frames NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
BEVFormerV1-T ResNet50 3 0.354 0.252 0.900 0.294 0.655 0.657 0.216
BEVFormerV2-T* ResNet50 3 0.397 0.270 0.820 0.301 0.594 0.469 0.195
BEVDiffuser ResNet50 3 0.391 0.283 0.859 0.285 0.558 0.592 0.212
MamBEV-T ResNet50 3 0.399 0.266 0.794 0.298 0.575 0.469 0.199
Deformba-T ResNet50 3 0.405 0.276 0.823 0.296 0.564 0.460 0.189

FCOS3D ResNet101 1 0.415 0.343 0.725 0.263 0.422 1.292 0.153
Focal-PETR ResNet101 1 0.461 0.390 0.678 0.263 0.395 0.804 0.202
DETR3D ResNet101 1 0.434 0.349 0.716 0.268 0.379 0.842 0.200
PolarDETR ResNet101 2 0.488 0.383 0.707 0.269 0.344 0.518 0.196
PolarFormer ResNet101 2 0.528 0.432 0.648 0.270 0.348 0.409 0.201
BEVFormerV1-S ResNet101 3 0.479 0.370 0.721 0.279 0.407 0.436 0.220
BEVFormerV1-B ResNet101 4 0.517 0.416 0.673 0.274 0.372 0.394 0.198
MamBEV-S ResNet101 4 0.525 0.423 0.662 0.280 0.386 0.354 0.183
BEVFormer-B-Enh ResNet101 4 0.530 0.419 0.632 0.268 0.328 0.374 0.195
Deformba-S ResNet101 3 0.525 0.432 0.650 0.280 0.369 0.410 0.203
Deformba-S ResNet101 4 0.538 0.445 0.642 0.273 0.352 0.382 0.202

Table 4. Comparison of BEV 3D detection performance on the nuScenes val dataset. * indicates models trained by us.

Results. The results on semantic segmentation are shown
in Table 3. Our Deformba-S and Deformba-B demon-
strate impressive performance. Deformba-B achieves a
mIoU of 52.0 and 52.6 in single-scale and multi-scale, re-
spectively, which outperforms VMamba-B, ConvNeXt-B,
MambaOut-B. Deformba-S achieves comparable perfor-
mance to VMamba-S in single-scale testing, but outperfoms
in multi-scale testing.

5.4. 3D BEV Detection

Settings. We follow the methodologies of the previous
work of (Wang et al., 2022b; Li et al., 2022a) and (Yang
et al., 2023). We evaluate on two backbones: ResNet101
with deformable convolution layers and ResNet50 which
are pretrained on a depth prediction task and COCO, respec-
tively. During training, the first stage of the backbone is
frozen, and all other stages are trained at a 10% learning
rate to fine-tune their latent representations to the multiview
autonomous driving setting. We evaluate on the nuScenes
dataset (Caesar et al., 2020), a large-scale multi-modal au-
tonomous driving benchmark comprising 1,000 urban driv-
ing scenes recorded in Boston and Singapore. In our method
and experiments, only the camera frames, sensor calibra-
tion data, and GPS data from nuScenes dataset are used in
making predictions.

Results. We present a comparison of our results in Table
4 against state-of-the-art methods at compatible parame-
ter and image input scales. We only use camera features;
additionally, we do not make use of any auxiliary loss as
in the works of Yang et al. (2023). We aligned the defini-
tions of tiny and small models with BEVFormerV1. The
CNN based temporal component of our model consists of
57M parameters for the small configuration and 32M pa-
rameters for the tiny configuration. Excluding the temporal

Cross Attention Module BEV Scale Feature Map Size Params (K) GFLOPs

Deformba
50× 50 6× 25× 15 176 2.1
100× 100 6× 40× 24 176 7.6
200× 200 6× 50× 29 176 26

XQSSM
50× 50 6× 25× 15 239 3.7
100× 100 6× 40× 24 239 14
200× 200 6× 50× 29 239 51

Deformable
50× 50 6× 25× 15 156 3.3
100× 100 6× 40× 24 156 12.8
200× 200 6× 50× 29 156 49.5

Dot Product
50× 50 6× 25× 15 263 23.9
100× 100 6× 40× 24 263 228.8
200× 200 6× 50× 29 263 1,432.5

Table 5. Scaling of cross attention modules, where each evaluated
under three BEV and image resolutions.

Module design Params (M) FLOPs (G) Top-1(%)↑

Baseline 25.0M 4.7G 80.8

+ CASF w/o ECA 25.5M 4.8G 81.3
+ CASF w/ ECA 25.5M 4.8G 81.4
+ MESA 25.5M 4.8G 81.6

Table 6. Ablation studies on Deformba-T for module designs

portion, our Deformba-S model has 62M parameters, while
Deformba-T has 38M parameters. For comparison, BEV-
Former’s tiny, small, and base models have 34, 60, and 69
million parameters respectively. Deformba-T outperforms
transformer-based BEVFormerV1-T and BEVFormerV2-T
by 0.051 (+12.6%) and 0.008 (+2.0%) under similar con-
ditions for the ResNet50 backbone. Moreover, Deformba-
T has performance comparable to the recently introduced
SSM-based MamBEV-T. We report an increase of 0.059
(11.0%) and 0.013 (2.4%), Deformba-Small with 4 frames,
in NDS over the previous BEVFormerV1-S model and
MamBEV-S model and 0.021 (3.9%) increase over the pre-
vious BEVFormerV1-B model. This demonstrates the effec-
tiveness of our methods.

In Table 5, we compute estimated FLOPs and parameters for
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Method Param. (M) FLOPs (G) Top-1(%)↑
Zero-offset 25.0 4.7 80.8
Fixed offset 25.0 4.8 80.9
MLP 30.8 5.6 81.0
Dynamic offset 25.5 4.8 81.3

Table 7. Ablation studies of the deformable sampling mechanism.
Dynamic offset corresponds to our learned deformable sampling
design.

model configurations which use our Deformba, XQSSM (Ke
et al., 2025b), deformable attention, or standard dot product
attention. Deformba, XQSSM and deformable attention
scale linearly in computational complexity with respect to
the size of the inputs V and Q, though the coefficient factor
of Deformba is smaller.

5.5. Ablation Studies

To evaluate the effectiveness of our method, we conduct ab-
lations of key components of Deformba. As shown in Table
6, we conducted an ImageNet-1K ablation study under a
100 epoch training schedule. The baseline adopts a single
sweep scanning strategy and does not include CASF. Em-
ploying CASF w/o ECA and with ECA, the top-1 accuracy
is improved by 0.5% and 0.6%, respectively, while having
negligible cost. Furthermore, by using MESA to mitigate
overfitting, the top-1 accuracy is increased by 0.2%. In
Table 8, we study the design choices in Mamba implementa-
tion in the COCO dataset, including the type of convolution
layer, scanning directions, and the role of the hidden state.
The results indicate that using a non-causal convolution im-
proves accuracy, bidirectional scanning is not necessary for
accuracy gains, and the hidden state is important.

To fully isolate which part of CASF is responsible for the
gain, we add more targeted controls, as shown in Table 7.
We remove ECA and MESA, keep the write-read framework
unchanged, and replace the learned deformable sampling
with predefined non-adaptive alternatives or an MLP-based
fusion module. The compared variants are: (i) zero-offset
sampling, where each location only reads from its own refer-
ence point; (ii) fixed-offset sampling, where learned offsets
are replaced by a predefined 1-hop local stencil around
each reference point E(i, j); and (iii) MLP fusion, where
the sampling mechanism is replaced by an MLP such as
ŜQ = W2GLUE (W1LN(S2D)) . The results show that the
improvement comes directly from adaptive deformable state
reading, rather than from increased capacity or from the
existence of an extra fusion module alone.

Moreover, our argument is that the limitation of prior vision
SSMs is not only using a fixed scan, but letting the scan path
itself determine the final interaction topology. In our De-
formba, the single scan is used only for a compact write pass
that constructs a shared state memory S2D, which flatten

Conv Type Scan mAP mAP50 mAP75

Non-causal Single 0.393 0.575 0.431
Bidirectional 0.393 0.576 0.430

Causal Single 0.388 0.570 0.426
Bidirectional 0.390 0.571 0.425

No Conv Single 0.386 0.565 0.422
Bidirectional 0.390 0.575 0.427

No State Single 0.384 0.569 0.425
Table 8. Convolution Configurations

Method Top-1 acc. (%)

Unidi-Scan 81.33
Bidi-Scan 81.24
Cascade-Scan Row and Col 81.28
Cross Scan 81.38

Table 9. Scan method ablation

2D images to 1D sequences so that they can be processed
by SSM. The final spatial interaction is then established by
CASF through adaptive reading from the written state map.
Therefore CASF reduces the dependence of spatial model-
ing on scan direction by augmenting the fixed write graph
with learned read connections. This is consistent with our
original ablation in Table 8, where single and bidirectional
traversals achieve the same mAP (0.393). To further verify
this point, we additionally evaluate different scan patterns
on ImageNet-1K using Deformba-T (following the scan set-
tings of VMamba). As shown in Table 9, the results are
highly similar across different scan patterns. This suggests
once CASF is introduced, the model becomes insensitive
to specific scanning strategy, and the spatial interaction is
governed mainly by adaptive reading rather than by the
predefined scan order.

More ablations are provided in the Appendix section A.

6. Conclusion
In this work, we propose Deformba, a vision state space
model architecture that augments Mamba with Context-
Adaptive State Fusion (CASF). By decoupling the SSM
write operation from the read operation, CASF exposes an
intermediate hidden state representation that supports both
self-attention-style mixing and query-to-source fusion, anal-
ogous to cross-attention, without sacrificing the efficiency
of SSMs. We evaluate Deformba across a broad range of 2D
and 3D tasks. Extensive experiments and ablation studies
demonstrate our method is robust across design variations
while maintaining both effectiveness and efficiency.
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A. Appendix
A.1. Deformba Cross Attention Method

Figure 5. Illustration of BEV architecture.

The general problem setup is we aim to take a set of input image
feature maps F and a set of queries B. The module is tasked with
learning a function f which selects information from F to update B
in a supervised learning problem. This process is done in 3 main steps
1) construction of hidden states of F , 2) construction of hidden states
of B, and 3) decoding of hidden states of B. In the case of BEV, the
output is an updated representation of the BEV grid and for COCO
the output is an updated set of object queries.

BEV Method Overview. A visualization of our overall method for
learning a BEV construction is provided in Figure 5. Many of the
existing components follow the methodologies of (Li et al., 2022a),
(Liu et al., 2023), and (Ke et al., 2025b). The encoding function fenc
is parameterized by the ResNet backbone, feature pyramid network
(FPN), BEV encoder, and temporal fusion modules. The pipeline has
three main stages as follows. First, image feature maps of different
scales F0, ..., Fi are produced as intermediate backbone outputs. Sec-
ond, their channels are reduced to a uniform size D through horizontal
convolutions in the FPN (Lin et al., 2017a). Then, feature representa-
tions and interactions are modeled using a novel SSM-based pipeline
(discussed below). Lastly, the decoding function fdec operates on
this representation to make predictions. As in (Zhu et al., 2020) (Li
et al., 2022a) (Yang et al., 2023) methods, the decoder uses alternat-
ing layers of grouped object query self-attention and object query
to BEV feature deformable cross-attention. Decoder heads at each
layer follow the masked decoder heads from (Li et al., 2022b) which
predict a bounding box, its properties, and the object class. We do
not use a map segmentation head, and only use the detection head
which is optimized using 3D Hungarian (Kuhn, 1955) set matching
with smooth L1 loss for the bounding boxes and focal loss (Lin et al.,
2017b) for class prediction. We replace the cross attention module in
encoder, we next discuss the details.

A.1.1. DEFORMBA CROSS ATTENTION

We decouple the SSM write operation from the SSM read operation, applying them to the image features and query features,
respectively. Figure 4 an illustration of this method is displayed for the multi-view case.

A.1.2. STATE MAP GENERATION

We first leverage the SSM’s write recurrence from SSM wirte equation to encode the entire 2D image feature map F0, ..., Fi.
This operation generates a dense, context-aware hidden state map, SFi

. Each pixel in this state map SFi
is no longer a local

feature but a hidden state that summarizes the information scanned up to that point.

A.1.3. DEFORMABLE STATE SAMPLING

This stage performs a deformable sampling operation, where the queries vB attend to the state map SFi . To learn the
depth information, following BEVFormer, we lift each 2D BEV location (x, y) into a 3D pillar (x, y, z) and project Z
evenly spaced pillar points onto each image. The projected 2D locations are used as reference points, which indicate where
an object at the corresponding BEV location would appear in each camera view according to the ego vehicle’s camera
calibration. We denote the set of reference points that fall inside the image bounds and have positive depth as Ehit.

The BEV query vB is used to generate a set of offsets ∆p through a linear layer. For each valid reference point in Ehit, we
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add the learned offsets to obtain the deformable sampling locations P . Since these sampling locations are continuous, we
use bilinear interpolation to extract the corresponding hidden states from the image state map SFi . The sampled visual
evidence is then fused back into the BEV query state with weights w learned by a linear layer from SB . The update process
is formulated as:

P = {e+∆pk | e ∈ Ehit, k = 1, . . . ,K} , (8)

SB =
1

|P|
∑
pn∈P

wn · ϕ(SFi
, pn), (9)

where ϕ(SFi
, pn) denotes bilinear interpolation at the continuous sampling location pn on the image hidden state map SFi

,
and K is the number of learned offset points around each valid reference point. Therefore, the number of sampling locations
attended in a single-view map is |P| = |Ehit| ×K.

A.1.4. SSM DECODE

The final output is generated from the enriched query state SB using the output projection equation O = SBQ+V D, where
Q and D are the projection parameters associated with V.

A.2. BEV Implementation Details

For experiments on nuScenes dataset, we used a learning rate of 8× 10−4, with a linear warmup for 10% of the scheduled
steps starting from 8

3 × 10−4 Following the warmup, the learning rate follows an epoch based cosine annealing schedule
with a minimum learning rate of 8× 10−7. We trained with an effective batch size of 32 with no gradient accumulation
on 8 A6000s for 30 epochs, truncated at 24 epochs. An exponential moving average according to the function w′

t =
(1− 0.0002)wt + 0.0002wt is applied to all weights starting from the beignning of training. An AdamW optimizer with a
0.01 weight decay is used, and training employs an automatic mixed precision optimizer wrapper with an initial gradient
scaling of 512. A 0.1 multiplier is applied to the learning rate of the backbone weights and the deformable attention sampling
offsets (Zhu et al., 2020). We train the models from scratch using a randomly initialized network for the encoder layers. For
experiments on the COCO dataset, we trained each decoder configuration using 3 decoder layers for 5 epochs at a learning
rate of 2× 10−4 and 5 epochs at 2× 10−5. For the main COCO results, we trained each model for 10 epochs at a learning
rate of 1× 10−4 and 5 epochs at 1× 10−5. The resulting models were evaluated on the COCO evaluation dataset to obtain
the mean average precision across different IoU thresholds and bounding box sizes.

A.3. Hyperparameter Tuning

We perform a univariate analysis of key hyperparameters to optimize the Deformba block.

Feedforward Channels: We observe that increasing the channel dimension of the Feedforward Network (FFN) from 256 to
1024 improves performance from 0.397 to 0.401 mAP (Table 10). This suggests that the Deformba block benefits from
increased capacity to process the aggregated state features.

Table 10. FFN Channels Ablation

FFN Channels mAP mAP50 mAP75 Params (M)

None (Default) 0.393 0.575 0.431 2.02
256 0.397 0.578 0.436 2.41
512 0.395 0.577 0.433 2.81
1024 0.401 0.583 0.442 3.59

Expansion Factor: We explored the impact of the expansion factor within the Deformba layer (Table 11). Increasing the
expansion factor from 1.0 to 2.0 improves accuracy. As noted in our implementation details, increasing the expand factor
while reducing or removing the linear projection size is a strategy we employ to maximize returns on parameter count.

Attention Heads: Unlike standard Transformers, increasing the number of heads in the sampling portion of the Deformba
block does not yield significant improvements, with 2, 4, and 8 heads performing comparably (Table 12). We utilize 8 heads
in the default configuration to align with the baseline.
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Table 11. Expand Factor Ablation

Expand Factor mAP mAP50 mAP75 Params (M)

0.5 0.380 0.561 0.415 1.56
1.0 (Default) 0.393 0.575 0.431 2.02
2.0 0.398 0.578 0.433 2.94

Table 12. Attention Heads Ablation

Heads mAP mAP50 mAP75 Params (M)

2 0.395 0.577 0.435 1.80
4 0.394 0.578 0.434 1.87
8 (Default) 0.393 0.575 0.431 2.02

BEV Training Setting: In Table 13, we provide the hyper-parameters and training recipes of Deformba used for ResNet-50
and Resnet-101 backbones.

Table 13. BEV Training settings of Deformba with ResNet backbones for the main results.

backbone ResNet-50 ResNet-101
image size 480× 800 768× 1280

FFN ✗ ✗
training epochs 30 30

effective batch size 32 32
optimizer AdamW AdamW

base learning rate 8e-4 8e-4
weight decay 0.01 0.01
lr schedule CosineAnnealingLR CosineAnnealingLR

warmup epochs 3 3
warmup schedule linear linear
bbox loss weight 2.0 2.0
bbox loss weight 0.8 0.8

gradient clip 35 35
expand 1 1

sampling head 8 8
conv1d non-causal non-causal
dt rank 16 32

traversal 1 1

B. Efficiency
B.0.1. IO

Our approach leverages the hardware-aware parallel scan to mitigate excessive IO; however, a key distinction in our
architecture is the necessity of state materialization. Unlike standard Mamba implementations that may fuse the scan and
output projection to bypass writing intermediate states to HBM, the Deformba block explicitly materializes the hidden
states S2D of size (B,C,H,W ) and writes them to HBM. This step is unavoidable as the subsequent sampling requires
random access to the spatial grid to perform adaptive sampling. To keep this I/O overhead small, we employ a lightweight
state representation whose storage is on the same order as a standard feature map, i.e., (O(BCL) rather than O(BCNL)),
ensuring that the overhead remains negligible compared to the channel-expanded states of standard SSMs.

B.0.2. MEMORY

The memory footprint of the Deformba block is optimized to avoid the quadratic memory bottlenecks associated with storing
attention matrices. In our sample implementation, the states are realized in memory, incurring a O(BCL) memory cost.
The peak memory usage is dominated by the storage of the feature maps T and V of shape (B,C,H,W ). By avoiding
the materialization of an L× L attention matrix, the IO memory requirement remains linear O(L). The offset generation
requires storing offset maps of size (B, 2G,H,W ), where the number of groups G is smaller than the channel dimension C,
ensuring the memory overhead for the adaptive sampling structure remains a small fraction of the total feature map size.
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Figure 6. Visualization of the last Deformba block in Stage 4 using Deformba-T. For each example, we show the input image (left)
and the corresponding activation/attribution map (right) from the final block of Stage 4. The model consistently highlights semantically
discriminative regions while suppressing background, suggesting effective context aggregation by CASF.

Figure 7. Visualization results of Deformba-Small for 3D bboxes predictions on nuScenes val set.

B.1. Visualization and Algorithms

We provide grad cam figures for Deformba self attention in Figure 6 to show overall attention on input. For Deformba cross
attention, we provide the 3D bboxes predictions in multi-camera images and the bird’s-eye-view, as shown in Figure 7. The
Pseudo code of our Deformba Self Attention are shown in Algorithm 1 and Cross Attention are shown in Algorithm 2.

B.2. Additional Related Work

Beyond the vision SSM literature discussed in the main paper, recent works have explored efficient modeling (Wang et al.,
2026; Jiang et al., 2026; Feng et al., 2026). Moreover, recent vision-language studies further investigate cross-modal
representation fusion and multimodal reasoning (Liu et al., 2025b; Lin et al., 2026). These directions are complementary to
our focus on state-space-based visual perception rather than vision-language reasoning.

B.3. Limitations

Deformba should not be interpreted as only relying on CASF, as the architecture still benefits from additional locality priors
including the convolutional components in each block. This suggests the gains come from the combination of compact state
memory, adaptive readout, and local inductive bias.
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Algorithm 1 Deformba Block
Require: token sequence Tl−1 : (B, C, H, W)
Ensure: token sequence Tl : (B, C, H, W)
1: Tdw : (B, C, H, W)← DWConv2D(Tl−1)
2: Teca : (B, C, H, W)← Tdw ⊙ Sigmoid(Conv1d(Mean(Tdw)))

3: Ṽ2D : (B, C, H, W)← Linearin(Tl−1)

4: V2D : (B, C, H, W)← SiLU(DWConv2D(Ṽ2D) + Ṽ2D)
5: V : (B, C, L)← Rearrange(V2D)
6: dt : (B, R, L), K : (B, N, L), Q : (B, N, L)← Split(LinearV (V))
7: α : (B, L, C, N)← exp(Lineardt(dt)⊗A)
8: S0 : (B, C, N)← zeros
9: for t in 1, ..., L do

10: St : (B, C, N) = αtSt−1 +VtK
⊤
t

11: end for
12: S2D : (B, C, H, W)← Rearrange([S1, ..., SL])
13: SQ : (B, C, L)← CASF(S2D)
14: O : (B, C, L) = SQ ⊙Q+V ⊙D
15: Tl : (B, C, H, W)← Linearout(LayerNorm(Rearrange(O)))
16: Return Tl

Algorithm 2 Deformba XA Block for BEV
Require: token sequence Tl−1 : (B, C, H, W), query sequence Ml−1 : (B, C, P)
Ensure: query sequence Ml : (B, C, P)

1: Ṽ2D : (B, C, H, W)← Linearin(Tl−1)

2: Ṽ : (B, C, L)← Rearrange(Ṽ2D)

3: V : (B, C, H, W)← SiLU(DWConv1D(Ṽ))
4: dt : (B, R, L), K : (B, N, L)← LinearV (V)

5: Q̃ : (B, N, P), Z : (B, C, P)← LinearM (Ml−1)

6: Q : (B, C, P)← LinearQ(SiLU(Q̃))
7: α : (B, C, L)← exp(Lineardt(dt)⊗A)
8: S0 : (B, C, N)← zeros
9: for t in 1, ..., L do

10: St : (B, C, N) = αtSt−1 +VtK
⊤
t

11: end for
12: S : (B, C, L)← LayerNorm(Rearrange([S1, ..., SL]) +Rearrange(V))

13: offset : (B, P, E, F, 2),weight : (B, P, F)← Linearoff (Q̃)
14: SQ : (B, C, P)← CASF(S,offset,weight)

15: O : (B, C, P) = SQ ⊙Q+ Q̃⊙D
16: Ogated : (B, C, P)← LayerNorm(O⊙ Z)
17: Ml : (B, C, P)← Linearout(Ogated)
18: Return Ml
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