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ABSTRACT

3D visual perception tasks, such as 3D detection from multi-camera images, are
essential components of autonomous driving and assistance systems. However,
designing computationally efficient methods remains a significant challenge. In
this paper, we propose a Mamba-based framework called MamBEV, which learns
unified Bird’s Eye View (BEV) representations using linear spatio-temporal SSM-
based attention. This approach supports multiple 3D perception tasks with signifi-
cantly improved computational and memory efficiency. Furthermore, we introduce
SSM based cross-attention, analogous to standard cross attention, where BEV
query representations can interact with relevant image features. Extensive ex-
periments demonstrate MamBEV’s promising performance across diverse visual
perception metrics, highlighting its advantages in input scaling efficiency compared
to existing benchmark models. The code is available at https://github.com/amai-
gsu/MamBEV.

1 INTRODUCTION

Automatically constructing a bird’s-eye-view (BEV) of an object’s surrounding environment is
beneficial for tasks such as autonomous driving and driver assistance systems (Wang et al., 2023a).
These methods typically integrate the signals received by multi-view cameras and transforms them
into a top-down view of the surrounding environment. Furthermore, as these systems operate in an
mobile edge environment, it is important to consider the computational costs in conjunction with
construction accuracy (Ke et al., 2024).

Examples of deployed BEV systems can be seen in Tesla cars (Tesla, 2021). These detailed construc-
tions can be used for downstream perceptual, prediction, and planning tasks (Casas et al., 2021; Hu
et al., 2023). There are two predominant methods for building BEV models: push and pull. Push
methods project 2D image features into 3D space using pixel-wise depth predictions, transforming flat
images into spatially-aware 3D representations. Pull methods, on the other hand, sample points from
a 3D prior and project them onto the 2D image plane, allowing the model to extract 3D information
without explicit depth predictions (Li et al., 2022a; Wang et al., 2023b; Chen et al., 2022; 2023).
However, many of these methods rely on the use of transformers’ costly attention mechanism to learn
accurate representations. Thus, we are motivated to examine more efficient methods that can replace
transformer-based architectures.

Recently, Gu et al. (2021) and Gu & Dao (2023) showed that state space models (SSMs) can replace
the quadratic computational complexity of transformers’ attention through a linear approximation.
These models have been shown to work comparably to transformers at scale on large language models
(Dao & Gu, 2024) such as Codestral Mamba. There has also been evidence that SSM’s attention can
replace transformer attention to learn effective visual representations (Zhu et al., 2024; Liu et al.,
2024; Patro & Agneeswaran, 2024). While Mamba, like self-attention, is effective at capturing
intra-sequence dependencies, it struggles in BEV scenarios involving multiple input modalities,
where dynamic information exchange is crucial.
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Figure 1: We propose MamBEV, a novel paradigm that leverages both SSM based Cross-Attention
and Self-Attention mechanisms to generate BEV features from multi-camera inputs.

Motivated by these �ndings, we examine how SSMs can be used to generate a BEV representation.
This is important because it is costly to capture temporal and spatial relationships in multiview videos.
We examine how the linear attention inside SSMs can be used to address these issues. However,
incorporating SSMs into 3D representation learning tasks is not well understood. Furthermore,
it is unclear how to fuse distinct visual representations as this is a crucial step in learning BEV
representations.

Our paper attempts to address these issues through the following contributions:

• We propose an SSM-based architecture, MamBEV, that can exceed the performance of
existing Transformer-based architectures.

• We propose a novel approach, Spatial Cross Mamba, analogous to standard cross-attention,
where a set mapping mechanism enables the association and fusion of two different modali-
ties. In our case, BEV query representations are matched with corresponding image features
to facilitate direct integration of information from both modalities.

• A thorough set of ablation studies is provided to showcase model scaling and other properties.
We open-source our code1 and provide a strong baseline and evaluation framework for
future experimentation.

2 BACKGROUND

2.1 LEARNING BEV REPRESENTATIONS

BEV representations are widely used in autonomous driving as they provide a dense uni�ed repre-
sentation of a scene which can be used for a variety of tasks. One approach, based on LSS (Philion
& Fidler, 2020), involves projecting 2D images into a 3D space by leveraging the camera intrinsics,
such as Li et al. (2023b), Li et al. (2023a), Han et al. (2024). For example, VideoBEV (Han et al.,
2024) adopts an LSS-based 3D BEV detection approach, incorporating a customized recurrent-style
temporal fusion and a temporal embedding block to leverage long-term information more effectively.
However, this method heavily depends on accurate depth estimation to ensure the precision of feature
projections. On the other hand, BEVFormer Li et al. (2022a) introduces a direct approach by pulling
features from 2D image space into a BEV space, collapsing all height information into a single BEV
query. It adopts deformable attention Zhu et al. (2020), a sparse sampling method, as the core of the
BEV encoder which maps multiview image features to BEV features. BEVFormerV2 Yang et al.
(2023) added an additional head and image augmentations to improve supervision for the model's
backbone. It also uses a CNN based temporal encoder in place of the recurrent deformable temporal
attention used in BEVFormer.

Deformable attention offers the advantage of reduced memory consumption, but it also has notable
limitations. For example, deformable attention provides only sparse and limited supervision for the
backbone, as it does not engage with all image features Yang et al. (2023). In terms of feature re�ne-
ment, deformable attention relies heavily on the backbone to produce strong feature representations.
For instance, in the Deformable Attention Transformer (DAT) Xia et al. (2022), multiheaded full

1https://github.com/amai-gsu/MamBEV
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Figure 2: The overall pipeline of of our architecture (MamBEV-Small). We present a novel method
for incorporating SSMs into a BEV construction algorithm. Features are extracted from six egocentric
multiview camera images over multiple frames. A ResNet backbone is used to extract camera features
which are passed to SSM based encoder blocks. We found that it was necessary to use full attention
during the decoding process, however this has limited impact on the computational complexity as the
encoded feature sequence is relatively short.

attention remains necessary to re�ne features effectively, underscoring the limitations of deformable
attention in re�ning spatial representations. From a hardware perspective, deformable attention is
suboptimal for modern GPU architectures due to its reliance on random memory access during the
sampling process, which negatively impacts model throughput Zhu et al. (2020).

2.2 LINEAR ATTENTION WITH STATE SPACE MODELS

State space models (SSMs), particularly structured SSMs, present an effective linear complexity
alternative to the prevalent transformer architecture for sequence modeling. At their core, SSMs
operate on data from each channel independently which updates a latent stateh that evolves across
the input sequence. The evolution of this latent state is governed by a set of learnable parameters,
denoted asA; B; C . Mamba Gu & Dao (2023) introduced selective SSMs (S6) which enables the
model to dynamically change the values of theA; B; C parameter matrices based on the input,
effectively acting as a �lter or gating mechanism. This mechanism better allows SSMs to model
input sequences which have elements with varying degrees of information density, such as text, as it
can selectively ignore tokens which are information sparse and selectively remember those which
are information dense. Mamba also included signi�cant hardware optimizations which allows for
parallel computation of state updates using an associative scan.

Mamba-2 (Dao & Gu, 2024) leverages a novel understanding of the connection between SSMs and
attention mechanisms, termed state space duality (SSD), to overcome some key weaknesses of its
predecessor, Mamba-1. SSD demonstrates that SSM computations can be expressed through a dual
form involving structured matrix multiplication. This allows Mamba-2 to leverage highly optimized
matrix multiplication units on GPUs, resulting in a signi�cant speedup compared to Mamba-1's
scan-based implementation.

While Mamba-2 excels in autoregressive tasks, its underlying SSM framework inherently operates in a
causal manner, limiting its applicability to non-causal scenarios. Hydra (Hwang et al., 2024) addresses
this limitation by leveraging quasiseparable matrix mixers which generalize the semiseparable matrix
mixer found in Mamba-2 to encompass both lower and upper triangular components. This change
enables bidirectional information �ow with a minimal increase in computation and parameters. For
simplicity, we use Mamba when discussing the Hydra block in the following sections of the paper, as
Hydra uses the same block structure and SSM formulation as Mamba-2.

SSM Inner Function. State Space Models can be considered as systems that map a signalx(t) 2 R
into y(t) 2 R throughh(t) 2 RN , which can be formulated as

h0(t) = Ah(t) + Bx (t); y(t) = Ch(t) + Dx (t); (1)

3



Published as a conference paper at ICLR 2025

whereA 2 RN � N is the evolution parameter,B 2 RN � 1, C 2 R1� N andD 2 R are the projection
parameters.

Discretized Inner Function. In machine learning applications, most inputs are not continuous
signals so to adapt these systems to discrete input sequences, the system itself must be discretized.
The discretized version can be formulated as

ht = �Ah t � 1 + �Bx t ; (2)
yt = Cht + Dx t ; (3)

where a timescale parameter� is used to transform the continuous parametersA andB to discrete
parameters�A and �B :

� = softplus(dt + dtbias ); (4)
�A = e� A ; (5)
�B = (� A) � 1(e� A � I )� B: (6)

This operation explicitly ties the hidden state update parametersA andB together. In practice, this
operation is not necessary since the model can learn the discretized system directly as noted in (Gu
& Dao, 2023). However, the inclusion of a discretization function provides a useful mechanism
for interpreting how a given input interacts with the hidden state as well as methods which enable
the direct control over whether the hidden state is updated by a given token or class of tokens. Ali
et al. (2024) notes that each channel having a distinct discretization parameter is equivalent to having
multiple heads in attention where each head in this case corresponds to its own channel. In Mamba-2,
the authors found that tying multiple channels together by sharing a discretization factor between them
reduced computational complexity while retaining a similar level of expressivity. When grouping
multiple channels into a head, theA matrix can be shared and the number ofdt which are computed
as a function of the inputs are also reduced. Additionally, they found that reducingA from a diagonal
matrix inRN � N to a scalar reduced computational cost with minimal impact on expressivity. The
SSM component in diagrams refer to the operations in equations 2 and 3.

3 METHODS

The BEV construction problem is a supervised learning algorithm which maps camera images
I t = f m1; :::; mk g of k camera views at a particular time stept onto a 2D planar Birds-Eye-View
of objects. A given BEV scene that containsl objects, has bounding boxesf b1; :::bl g 2 B, classes
f c1; :::; cl g 2 C, as well as trajectory informationT . The approach is to �rst learn an encoding
transformationQ = f enc (I t ), for all t, to obtain a latent BEV query representationQ 2 RH � W � D

whereH; W represents the spatial shape of the BEV grid andD is the latent dimension. A decoding
transformation is then learned to predict object informationB; C; T = f dec(Q) by sampling the BEV
grid.

BEV Method Overview. A visualization of our overall method for learning a BEV construction
is provided in Figure 2. Many of the existing components follow the methodologies of Li et al.
(2022a), Li et al. (2023b), and Liu et al. (2023). The encoding functionf enc is parameterized by the
ResNet101 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 scalesF0; :::; Fi
are produces as intermediate backbone outputs. Then their channels are reduced to a uniform sizeD
through horizontal convolutions in the FPN (Lin et al., 2017). Second, feature representations and
interactions are modeled using a novel SSM-based pipeline (discussed below). Lastly, the decoding
functionf dec 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 alternating 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 set matching with smoothL 1 loss for the bounding
boxes and focal loss for class prediction.
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Figure 3: Proposed Spatial Cross Mamba using
XQSSM. Our novel method to fuse two distinct
spatial representations: 1) BEV queries which is
a top-down representation, and 2) image features
which come from an egocentric view.

We next discuss the novel encoder seen in Figure
2.

3.1 SPATIAL CROSSMAMBA

The central challenge in using Mamba to as a
BEV is how to perform cross attention in an ef-
�cient manner. There are simple cross attention
adaptations for SSMs which are inef�cient or not
well suited for the problem. For example, by ex-
panding the state sizeN to equal the number of
image featuresT Mamba-2 is able to store all
information about previous tokens at the cost of
returning to complexity of transformers Dao &
Gu (2024). To perform this naive form of mamba
cross attention, �rst compute the �nal hidden state
hT 2 RT � �D over the image features then �nd
yQ using

yi = Ci hT (7)
where Ci 2 R1� T is a function of a corre-
sponding queryqi 2 Q. ComputinghT takes
TNP = T2P FLOPs whereP is the latent di-
mension per head andTN = T2 memory which
in this case is equivalent to the FLOPs and mem-
ory used to compute self-attention in a Trans-
former, T2N andT2. To computeyi requires
TjQj�D FLOPs andTjQj memory giving a total
computational and memory complexity similar to
Transformer cross attention. To reduce the com-
putational cost from the naive implementation,
we propose task speci�c adaptations as shown in
Figure 3 which allow us to reduce the size of the
hidden dimensionN << T .

3.1.1 REDUCING STATE SIZE

Simply reducingN may still give acceptable re-
sults if the image is information sparse, however this cannot be guaranteed. The resultinghT would
likely lose information about image features near the start of the sequence. This results from the
de�nition of the decay parameterexp(� A) 2 [0; 1]; A < 0; � � 0, which guarantees that the impact
of x0 on yT decreases asT increases except when� i = 0 ; i = 1 ; : : : ; T . The solution we propose is
to computeyi usingCi hk where image feature vectork is likely to be relevant toqi . Since multiple
image regions may be relevant to a single BEV query, we useZ copies ofCi to attend toZ locations
on the image feature map, then

yi =
ZX

k=0

Ci hk : (8)

To select theZ feature map locations for a queryqi we lift the 2D BEV location (x, y) into a
3D pillar (x,y,z) and projectZ evenly spaced pillar points onto each image Lang et al. (2018).
The resulting locations called reference pointsR 2 RjQ j� Z � 2 correspond to where an object at
a BEV location would appear in the image based on the ego vehicle's camera calibration and
assuming there are no obstructions. The number of locations which fall inside the image bounds,
Rhit = f r ij j r ij 2 [0; 1]2g � R is signi�cantly smaller thanQZ . We refer to the size ofRhit as
M = f (jQj; Z; � FOV) � ZQ

# of camerasas mostqi are only visible in a single view.

3.1.2 BEV POSITION AWARE MERGE

Q, andV are �attened to 1D sequences so that they can be processed by Mamba.V is �attened
according to a traversal orderT : RH � W � �D 7! RHW � �D . ThenQhit are merged with the �attened
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Figure 4: Spatial Cross Mamba Pre- and Post-processing. Illustration of the processing performed on
the input and output of the SSM to merge sampled information from multiple query copies in the
input sequence into the BEV query grid. Image features (denoted byvi;j ) and their corresponding
query vectors (qk ) are �rst interleaved to enable causal attention. Processed outputs of the SSM are
normalized and fused into an updated query matrixQ0

BEV .

sequence of image featuresF through the 1D reference pointsR1D as follows:

R1D : = hbwR0c + bwR1c; (9)
IndexOffset(R1D) = R1D + argsort(R1D); (10)

whereR0; R1 2 [0; 1] are the normalized x and y coordinates of the reference location on the image.
Theargsortfunction returns the index of each element in the sorted order ofR1D in ascending order
and is added back toR1D for index reordering. This formulation takesO(n logn) time, though in
practice this operation has negligible cost. The result is a list of one dimensional indices which
correspond to the location one column to the left and one row above the hit image location supposing
the image features have been �attened using a row major traversal. In cases where other traversals are
used, the indices are updated withT . Lastly, fromR1D we generate a masksmask 2 R(HW + N hit ) � 1

which marks the insertion points for each queryqi for a hit camera view. To complete the merge
operation we copy the queriesQhit to their corresponding reference points and the valuesFi to the
masked output tensor. This operation is repeated for every camera and every traversal method. An
example of an input sequence can be seen in Figure 4. Ablation studies are also performed examining
the traversal order effects in Table 9.

3.1.3 CROSSQUASI-SEPARABLESTATE SPACE MODEL

Mamba-2 offered dual methods of computation for selective state space models: as a matrix mixer,
SSD and an associative scan, SSM. The reframing of SSMs as structured matrix mixers,M , allows
for fast parallel computation by way of batch matrix multiplication and a shortened associative scan.
In practice, we utilize SSD during both training and inference as it is better optimized for the hardware
used, however we did not adapt the kernel to re�ect the true computational complexity of the Cross
Quasi-separable State Space Model (XQSSM) module.

The simple sequential implementation in Algorithm 2 (Appendix) shows the unique approach allowed
by our module formulation where the discretization factor of the query input,Qdt , is set to 0. No
hidden state update occurs when a token withdt = 0 is processed as shown below

ht = exp( dtt A)ht � 1 + dtt B t x t ; (11)
ht = exp(0) ht � 1 + 0 ; (12)
ht = ht � 1: (13)

This changes the number of operations per query from2H (N + 1) + �D (3N + H + 1) to �D (N +
H +1) . Additionally, outputs from the XQSSM are only needed for query token inputs which reduces
the per image feature complexity to2H (N + 1) + 2 �DN . In total the computational complexity of
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the XQSSM is2V(H (N + 1) + �DN ) + M�D (N + H + 1) , whereM is the number of queries
which are added to the sequence. Additionally, the memory complexity in the sequential form is
constant, though when parallelized it becomes linear with respect to the sequence length as shown
in Dao & Gu (2024). The resulting matrix mixer,M goes from a(M + V � M + V � 2H ) to
(M � V � 2H ) similar to the matrix mixer for dot product cross attention of shape(Q � K � H ).

3.1.4 QUERY AND FEATURE POST-PROCESSING

After the merged input sequence is passed through the inner SSM block, queries must be extracted
from the outputY 2 R(HW + M )� �D to obtain the updated BEV queriesQ0

BEV . The mask generated
during the merge operationsmask is then applied to the output to obtainYQ 2 RM � �D . Then using
R1D each query inYQ is accumulated inQy = 0 2 RN � �D at its original position inQBEV . Each
elementqy 2 Qy has a magnitude which varies depending on the number of queries accumulated
in that BEV location. The result is projected toQout 2 RN � D , then added to the residual BEV
query gridQ. To account for instability resulting from disparity in magnitude, two methods of
normalization are considered: averaging before the out projection and RMS normalization after the
out projection. Each method and their joint usage is ablated in Table 7.

BEV Self-Attention. The normalized BEV grid Q is traversed with a single hydra layer (bi-directional
mamba) in a row-major order before being fed to a deformable layer to incorporate multiscale features.

Deformable Attention. Deformable attention is a sparse attention method which excels in detection
tasks while training in less time, with fewer �ops, and better scaling than vanilla softmax attention
Zhu et al. (2020). The foundation of the method is to take an input set of image features and a set of
coordinates which act as a reference locations then grid sample the area around the reference location
based on using offsets predicted queries.

The computational cost of deformable attention is divided into 3 main components: the cost of
calculating the offsets for each queryO(3NMPRD ), the cost of bilinear interpolation and the
weighted sum of samplesO(ND 2 + NPRD 2 + 5NPRD ), and lastly the cost of computing the
linear projection of the valuesH i Wi D 2 for each image feature levelFi with shape(H i � Wi � D ).
HereN refers to the number of queries,D is the latent dimension,P is the number of reference
points per query, andR is the number of offsets per reference point. The total computational
complexity of the operation isO(ND 2 + min( HWD 2; NPRD 2) + 5 NPRD + 3NMPRD ) and
under the assumption that5PR + 3MPR < D , the overall complexity is simpli�ed toO(2ND 2 +
min(HWD 2; NPRD 2)) . Notably, the computational complexity here is low relative to the size of
the image as the heaviest component of the bound derives from the number of queries, heads, and
reference points used. In cases whereHW is small relative to the number of queries, deformable
attention is similar to or worse than linear attention alternatives like Mamba in computational
complexity while giving a weaker form of cross attention.

4 EXPERIMENTAL SETUP

We follow the methodologies of the previous work of Wang et al. (2022); Li et al. (2022a) and Yang
et al. (2023). We evaluate on two backbones: ResNet101 and ResNet50 which are trained in a depth
prediction task and COCO, respectively. During training, the �rst stage of the backbone is frozen,
and all other stages are trained at a 10% learning rate to �ne-tune their latent representations to the
multiview autonomous driving setting.

4.1 DATASET AND METRICS

We conduct our experiments using the nuScenes dataset Caesar et al. (2020). The nuScenes dataset is
a large-sale autonomous driving dataset containing 1000 driving scenes from Boston and Singapore.
Each scene is approximately 20 seconds in duration. 23 object classes with 3D bounding boxes are
annotated at 2Hz for the entire dataset, of these 10 are used for the 3D detection task. Each scene is
captured using 6 cameras with a FOV of 360 degrees, LiDAR, radar, GPS, sensor calibration, and
IMU data. The evaluation metrics and framework for computing them are provided as a part of the
nuScenes devkit. The metrics used for evaluation are 1) the mean average precision (mAP), which
evaluates both localization and classi�cation performance of the predicted results over four different
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