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Snakes and Ladders: Two Steps Up for VideoMamba

Abstract

Video understanding requires the extraction of rich spatio-
temporal representations, achieved by transformer models
through self-attention. Unfortunately, self-attention poses a
computational burden. In NLP, Mamba has surfaced as an
efficient alternative for transformers. However, Mamba’s
successes do not trivially extend to vision tasks, includ-
ing those in video analysis. In this paper, we theoretically
analyze the differences between self-attention and Mamba.
We identify two limitations in Mamba’s token processing:
historical decay and element contradiction. We propose
VideoMambaPro (VMP) that addresses these limitations by
adding masked backward computation and elemental resid-
ual connections to a VideoMamba backbone. VideoMam-
baPro models surpass VideoMamba by 1.6-3.0% and 1.1-
1.9% top-1 on Kinetics-400 and Something-Something V2,
respectively. Even without extensive pre-training, our mod-
els present an attractive and efficient alternative to current
transformer models. Moreover, our two solutions are or-
thogonal to recent advances in Vision Mamba models, and
are likely to provide further improvements in future models.

1. Introduction

Video understanding is challenging and requires models
that can extract rich spatio-temporal representations from
video inputs. Transformers are powerful neural networks
capable of effectively capturing temporal and spatial in-
formation from videos [19, 29, 50]. Current state-of-the-
art video understanding models are transformers [41, 51].
At the core of transformers is self-attention [49], the self-
alignment between tokens in an input obtained by estimat-
ing the relative importance of a token with respect to all
other tokens. The long-range token dependency accounts
for much of the success of transformer models [5, 49].
Calculating self-attention is computationally costly,
which eventually limits the application of powerful trans-
former models in practical settings [17]. Recently, alterna-
tive models with lower-cost operators have been proposed

for national language processing (NLP), including S4 [13],
RWKYV [38], and RetNet [46]. Among these, Mamba [11]
shows the best performance on long-range and causal tasks
such as language understanding [31] and content-based rea-
soning [37].

Motivated by the favorable computational cost, re-
searchers have recently extended Mamba from the NLP do-
main to the computer vision domain. The core adaptation
involved splitting the input image into multiple regions and
embedding these as continuous tokens [61]. For video un-
derstanding, the recently proposed VideoMamba [22] ex-
tracts key frames from videos as the continuous input se-
quence. However, compared to previous transformer-based
methods, VideoMamba’s performance on video bench-
marks is markedly lower. For example, VideoMamba
achieves 82.4% top-1 on Kinetics-400, compared to 85.2%
for VideoMAE [47], indicating room for improvement.

In this paper, we first analyze differences in the fea-
ture extraction capabilities of transformers and Mamba. We
identify two limitations of Mamba: historical decay and
element contradiction. We then extend VideoMamba [22]
to mitigate these limitations. The proposed VideoMam-
baPro (VMP) addresses historical decay through masked
backward computation in the bi-directional Mamba pro-
cess, allowing the network to better handle historical tokens.
We introduce residual connections to Mamba’s matrix el-
ements to tackle element contradiction. VideoMambaPro
consistently improves the performance of VideoMamba on
video understanding tasks, positioning it as a strong, effi-
cient competitor to transformers. Our contributions are:

* We derive a formal representation of Mamba from the
perspective of self-attention and identify two limitations
of Mamba in the video analysis domain.

* We propose VideoMambaPro, effectively addressing
Mamba’s limitations for video understanding.

* We report strong video action recognition performance
compared to recent Vision Mamba-based models, and
surpass the original VideoMamba by clear margins.

We first discuss related work. Then, we provide a the-
oretical analysis and introduce VideoMambaPro. Experi-

ments are presented in Section 5. We conclude in Section 6.
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2. Related Work

Transformers. One core aspect of transformers is self-
attention [49] to achieve long-range interactions by measur-
ing the similarity between tokens. Self-attention was intro-
duced in the computer vision domain for tasks such as im-
age recognition [26, 45] and object detection [7, 58]. Subse-
quent works (e.g., [9, 21, 47, 53] extended vision transform-
ers to the video domain, to achieve superior performance.
However, the mechanism of self-attention introduces sig-
nificant computational overhead because of the similarity
between all pairs of tokens needs to be calculated.

Alternative models. Recent work has introduced al-
ternative models with reduced computational complexity,
while maintaining the advantages of self-attention [30, 40,
59]. SOFT [30] uses Gaussian kernel functions to re-
place the dot-product similarity, which enables a full self-
attention matrix to be approximated with a low-rank matrix
decomposition. Combiner [40] employs a structured fac-
torization to approximate full self-attention, realizing low
computation and memory complexity.

Peng et al. [38] propose the Receptance Weighted Key
Value (RWKYV) architecture that combines self-attention
training with an efficient recurrent neural network (RNN)
inference using a linear attention mechanism. Through
parallel computation, a lower, constant-level computational
and memory complexity is achieved. RetNet [46] includes
another variant of self-attention, by dividing the input into
multiple chunks. Within each chunk, the self-attention
mechanism can be computed in parallel, while information
is transmitted between chunks based on an RNN.

State-space models. The S4 model completely aban-
dons self-attention and, instead, builds upon a state space
model [13]. Instead of calculatings a similarity matrix by
performing matrix multiplications for pairs of tokens, it en-
ables the network to directly learn a global high-order poly-
nomial projection operator (HiPPO) matrix to handle rela-
tions between tokens. Additionally, for the simultaneous
input of multiple tokens, S4 proposes a convolutional pro-
cessing approach, enabling parallel training and thereby ac-
celerating the training process.

Based on S4, Mamba [11] proposes a selection mech-
anism where, for each input token, a unique HiPPO ma-
trix [12] is generated. This allows the model to selectively
process input tokens, enabling it to focus on or ignore spe-
cific inputs. Due to Mamba’s strong representation abil-
ity in NLP, and linear-time complexity, it has garnered at-
tention as a promising alternative to transformers. In the
computer vision domain, researchers have proposed Vision
Mamba [61] and VMamba [27] for tasks such as image clas-
sification and object detection.

In the video domain, several Mamba variants have been
proposed [22, 23, 34]. Their performance is somewhat
lower than expected, with limited understanding of the

causes. We argue that a systematic, mathematical analy-
sis of Mamba from the perspective of self-attention could
reveal shortcomings of Mamba’s inner workings. Better
understanding of these limitations allow us to develop im-
provements, and to close the accuracy performance gap
with transformers, while enjoying Mamba’s efficiency.

3. Theoretical Analysis

We revisit Mamba from the perspective of self-attention.
Then, we analyze its limitations for video understanding.
To address these, we propose VideoMambaPro in Section 4.

3.1. Mamba from the perspective of self-attention

Self-attention. Given an input sequence X :=
(1, -+ ,zn] € RN*Pe of N feature vectors of depth
D,, self-attention [49, 60] computes the output sequence
Y from X following two steps:

Step 1: Similarity matrix computation. The input se-
quence X is linearly projected onto the three different sub-
spaces query Q € RV*P key K € RV*P and value
V € RVXDv;

Q=XW,,K=XW; V=XW/. (1)

with Wo, Wx € RP*P: and Wy € RPvxDe

the corresponding weight matrices. Specifically, Q :=
[(I1,"' 7QN]T» K = [k1,-~- ,k:N]T, and V =
[V, 7vN]T with vectors ¢q;, k;,v; fori = 1,--- | N

the query, key, and value vectors, respectively, for input :.
Based on Q and K, similarity matrix S € RV>*" contains
the correlations between all query and key vectors, with a
softmax function applied to each row of S:

S = softmax(QK " /v/D). 2)

Each component s;; (4,7 = 1,--- , N) represents the simi-
larity score between g; and k;.
Step 2: Output computation. Output sequence Y :=

Yz, -, yN]T is then calculated based on S as:
Y =SV. 3)
It follows that each output vector y; (¢ = 1,--- , N) can
be written in vector form as:
N
Y; = Z 8i5j. 4)
j=1

Any output vector y; is a linear combination of vectors
vj(j = 1,---, N), with similarity score s;; serving as co-
efficient. The larger the similarity score, the greater the in-
fluence of v; on output y; [43].

Mamba. State Space Models (SSMs) serve as the foun-
dation of Mamba [11]. They are based on continuous sys-
tems that map 1D functions or sequences, z(t) € RF —
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y(t) € RL to output sequences y(t) through a hidden state
h(t) € RN, Formally, SSM implements the mapping as':

h(t) = Ah(t — 1) + Ba(t), )

y(t) = Ch(t) (6)
where A € RY*N s the evolution matrix of the system,
and B € RY*! C € RV*! are the projection matrices.
Often, the input is discrete rather than a continuous func-
tion x(t). Therefore, Mamba performs discretization, ef-
fectively creating a discrete version of the continuous sys-
tem. A timescale parameter A is used to transform the con-
tinuous parameters AandB into their discrete counterparts
A, B, and the transformation typically employs the zero-
order hold method [57]. This process is expressed as:

A =exp(AA), (7

B = (AA) '(exp(AA) —1)- AB, 8)
hi = Ahy_1 + By, )

yr = Chy. (10)

Considering that parameters A, B, C in the original
SSM are independent of the input data x(¢) and cannot be
tailored to specific input data, Mamba employs a Selective
Scan Mechanism as its core operator. More precisely, three
functions Sp(z), Sc(x), Sa(x) are introduced to associate
parameters B, C, andA in Eqs. 7-10 to the input data z.
Based on Sa (), A can also be associated with the input
data z. For example, given the input z, functions Sa ()
will produce the corresponding A; based on Eq. 7, and
functions Sp(z) and Sa () will produce the correspond-
ing B, based on Eq. 8. C; is obtained based on function
Sc(z). Following Egs. 9 and 10, we analyze the process
to obtain output sequence Y when given an input sequence
X = [zg, - ,zn] € RVXPz of N feature vectors. Each
vector’s hidden state is denoted as:

hi =Bizy, (11)
he = Ashy + Baxs

= A,Bzy +§2m2, (12)
hs = Ashy + Bsxg

= A3A;Biz; + A3Bsxzy + Bsxs, (13)

hy = KNhN_l +§N:BN
=ANANn_1--AsBizs + ANAN_1---A3Boxy
+AnNBy_1zy—; + Byan. (14)

I'The original SSM [13] employs h'(t) = Ah(t) + Bz(t), with h(t)
the hidden state from previous time step ¢ — 1, and h’(t) the updated
current hidden state, replacing h(t). Considering this approach may lead
to ambiguity, we have adopted the updated description.

Egs. 11-14 can be written in matrix form:

H = [hy, ho,ha, - hy]
B, 0 0
A,B,; B, 0 0| |™
A,ALB,; A,B, B; 0| |*e
= . . . . T3
2 7 . 3 7 . 4 _ :
(11 Aj)By (I] A)B2 (] Ay)Bs By | [z~
=N =N =N
(15)
For output sequence Y := [y, ,yn] ', each vector
y; i =1,---, N) can be expressed as:
yn = Cnhy, (16)
and in matrix form as:
C, 0 O 0 hy
0 C, 70 0 ho
Yy=|0 0 C3 - 0| |hs| -Cn 17
0 0 0 Cy] AN

El 0 0
A,B, B, 0 o0 ?
— | A3A,B A3B. B; a0 2
-Y- _ C 3 :2 1 J: 2 :.l . : z3 7

2 s a4 :

(I1 ApB1 (11 Ay)B2 (]] Aj)Bs -+ By| [N
=N =N =N

(18)

which can be expressed as:
Y = C(MX), 19)

where M represents the second term on the right-hand side
of Eq. 18. Recall from Eq. 3 that the result Y obtained by
self-attention processing can be expressed as:

Y =SV = (SX)W/ (20)

From the perspective of self-attention, by comparing
Egs. 19 and 20, the essence of Mamba is to generate a ma-
trix M similar to similarity matrix S, such that the result
of MLX is based on the correlation between vectors of X.
Although the final result of M X is left multiplied by a map-
ping matrix C, while the result of S X is right multiplied by
a mapping matrix W7, the geometric meaning of the two
are the same.

3.2. Limitations of Mamba in video understanding

From the perspective of self-attention, the concept of
Mamba is similar: both use similarity matrices. We now
analyze the differences between the similarity matrices of
Mamba and self-attention, and discuss the limitations of
Mamba in the context of the video understanding task.
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Limitation 1: Historical decay. Matrix M in Eq. 19
corresponds to the second right-hand term in Eq. 18, which
is a lower triangular matrix of the form:

mi1 0 0 e 0
mo1  Maa 0 0
M= | ™31 Mm32 M33 - 0 . 21

mN1 MMN2 TMN3 mNN

By comparing M with matrix S in self-attention, we
find that outputs in Mamba favor more recent information,
because the more weights are zero, the earlier the token
is observed. For example, for input [x;, 2, 3], the out-
put Mz; in Mamba is mj;x; while the output Sz; is
S$117 + S12@2 + S13x3 in self-attention. This indicates that,
in Mamba, the influence of earlier observed tokens on the
final result is greatly diminished. We refer to this limitation
as historical decay.

In the NLP domain, more recent dialogue information
often has more impact on the final judgment, so this effect
is acceptable. However, in the computer vision domain, the
order of the tokens has less meaning. Previous works such
as Vision Mamba [61] and VMamba [27] tried to solve this
issue by processing the token sequence in both forward and
backward directions. This produces better results, but sig-
nificant deficiencies still exist. We will explain this theoret-
ically below.

When processing bi-directionally, the results generated
from input forward tokens [xy, - - - , x|, denoted as M s X,
and the results generated from input backward tokens
[N, -+, @;], denoted as M X, are linearly combined to
generate the final result M; X with M;,; a dense matrix.
As a result, the influence of historical information on the
result is increased, consequently leading to better results.

For example, for the input tokens [x;, Zo, xg|, M X
and M, X can be expressed as:

fir 0 0] [ hiy
MiX = |fo1r fa2 O] [z2| = |hoy|, (22
31 fs2 f33] |®s | hay

b33 0 0 T3 _th
My X = |baz b2 0| |®2| = [h2p|, (23)
biz b2 511_ L1 h1p

where f;; represents the similarity score during the forward
process, and b;; is the similarity score in the backward di-
rection. After bi-directional computation, with the outputs
linearly combined, the results are expressed as:

h1 = hiy +hiy = fr1zs + bi3xs + b1axe + b1y

ho = hag + hap = fa1®1 + fo2®e + b3 T3 + baoxz (24)
hs = hay + h3y, = f31T1 + faoT2 + f33T3 + b3z T3

We can write Eq. 24 in matrix form:

hy fi1 + b1 b12 b13 Ty
ho| = fo1 foo + b2z ba3 T2
hs f31 f32 faz +b33| |3 25)
Ty
= My; | @2
T3

The bi-directional computation transforms matrix M
from a lower triangular matrix to a dense matrix My,,
thereby capturing more historical information and effec-
tively avoiding historical decay. When extending to the case

of N input tokens [xy, - - , x|, My, can be written as:
fi1+bn b12 b3 bin
for fo2 + bao bos e ban
fs3 +bsz - bsn . (26)

M, = f31 fa2

fni fne Ins fnN + by

The diagonal elements of My, contain duplicates of the
similarity between a token and itself. For example, f33
and b33 each represent the similarity between token s and
itself. Consequently, the similarity is effectively doubled
which weakens the association with other tokens. One pos-
sible approach is to adjust My and M, using a weight
coefficient z through a linear combination. However, this
method is not very effective. For example, to prevent the
similarity of diagonal elements from being doubled, the z
value is set to 0.5. However, after multiplying other ele-
ments by 0.5, their weight values are significantly reduced,
which means that the association of each token with other
tokens is weakened.

Limitation 2: Element contradiction. By analyzing
non-zero elements m;; in M of Eq. 18, we derive:

mi; = Kimi—l,j (27)

After multiple iterations, the above equation results in im-
plicit consideration of the correlation between previous to-
kens and token j when computing the correlation between
token ¢ and token j. As a result, m;; exhibits stronger con-
textual dependencies compared to the elements s;; in the
matrix S. This might explain why Mamba achieves better
performance than transformers in the field of NLP. While
this is advantageous in the NLP domain, for the computer
vision domain, input tokens often lack semantic connec-
tions. The consideration of the influence of other tokens
on each element can lead to significant drawbacks.
Interleaved token structures are common when process-
ing images. Tokens that “belong together” might not be
subsequently processed. For example, in an image classifi-
cation task, input tokens [z, 2, 3] might represent image
regions [dog, other,dog|. 1deally, ms; should be high and
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Figure 1. (a) Framework of VideoMambaPro with K bi-directional Mamba blocks. (b) In each bi-directional Mamba block, we employ

forward residual SSM and masked backward Residual SSM.

ma1 low. Following Eq. 27, m3; = Asma1, so As needs to
increase. However, this causes mss = Asmas to increase
because mos is also high. But, theoretically, m32 should
be low. This causes an element contradiction. Especially
for video understanding, such contradictions are common
because most video regions contain background and other
irrelevant information, making relevant tokens sparse. Con-
sequently, the performance of Mamba applied to video anal-
ysis tasks is underwhelming [22, 24, 56].

4. VideoMambaPro

We use VideoMamba [22] as backbone, and propose two
adaptations to address historical decay and element contra-
diction. The resulting architecture is termed VideoMam-
baPro (VMP). With minor adjustments, our adaptations can
also be applied to related Mamba models.

To address historical decay, we keep the result of M ¢ X
but we use masked computation in the backward process.
Specifically, we assign a mask to the diagonal elements of
M,, setting their values to 0, and then proceed with the cal-
culations in Eqs 21-25. We thus eliminate the duplicate
similarity on the diagonal, without affecting other elements.
The final My, is expressed as:

fir bz bz - by
for for baz -+ bon

My = |fs1 fs2 fss -+ bsy (28)
fnr fne fws NN

To solve element contradiction, we propose residual
SSM. This solution is inspired by residual connections, to
distribute the requirement for A; in m;; over multiple A;.

This helps to avoid contradictions caused by interleaved se-
quence structures. For example, for our previous exam-
ple input sequence [x;, T2, 2], which represents regions
[dog, other, dog], we let m3; = Azmsa; + Asz. This way,
the requirement for a single A3 can be split into two parts,
thus avoiding contradictions. This can be expressed as:

mij; = Kimifl,j +A; (29)

We implement these solutions into VideoMamba [22], to
form VideoMambaPro (see Figure 1). Given input video
XV € R3XTxHXW e first use a 3D convolution with a
1 x 16 x 16 kernel to convert X into L non-overlapping
patch- wise tokens X? € REXC with L =t x h x w (t =
T, h = 16,w = %). Because SSM is sensitive to token
positions, and in line with [22], we include learnable spatial
and temporal position embeddings p, € R(+D*C apd
p; € R¥¥C Input tokens X are expressed as:

X:[Xcls,X]+Ps+Pt7 (30)

where X ;5 is a learnable classification token positioned at
the start of the sequence. Input tokens X pass through K
Mamba blocks, and the final layer’s [CLS] token is used for
classification, after normalization and linear projection.

5. Experiments

5.1. Experimental setup

Datasets. We evaluate VideoMambaPro on five video
benchmarks: (a) Kinetics-400 (K400, [3]) comprises
~240K training and ~20K validation videos, each with
an average duration of 10 seconds and categorized into
400 classes. (b) Something-Something V2 (SSv2, [10]) in-
cludes ~160K training and ~20K validation videos with
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an average duration of 4 seconds, and 174 motion-centric
classes. (c) UCF-101 [44] is a relatively small dataset, con-
sisting of ~9.5K training and ~3.5K validation videos. (d)
HMDBS51 [18] is also a compact video dataset, containing
~3.5K training and ~1.5K validation videos. (e) AVA [14]
is a dataset for spatio-temporal localization of human ac-
tions with ~211k and ~57k validation video segments.

Implementation. In line with VideoMamba, we introduce
three models with increasing embedding dimension and
number of bi-directional Mamba blocks K: Tiny, Small,
and Middle (details in supplementary material). To com-
pare with VideoMamba, we pre-train VideoMambaPro on
ImageNet-1K (IN-1K). On K400, we also pre-train with IN-
1K, fine-tune on the training set and report on the validation
set. For K400, we also report on the larger 3362 input size.
During pre-training, we follow DeiT [48] by applying a cen-
ter crop to obtain the 2242 sized images. We apply random
cropping, random horizontal flipping, label-smoothing reg-
ularization, mix-up, and random erasing as data augmen-
tations. We use AdamW [28] with a momentum of 0.9, a
batch size of 1024, and a weight decay of 0.05. We employ
a cosine learning rate schedule during training, 1 x 1073
initial learning rate over 300 epochs. The fine-tuning set-
tings follow VideoMAE [47]. We resize frames to 2242,
and use AdamW with a momentum of 0.9 and a batch size
of 512. The evaluation process is the same as VideoMamba,
and more details are in the supplementary materials. These
materials also include results on IN-1K image classification.

Method Pre-train Input Crops  Param FLOP Topl Top5
MViTv1-B [6] 32 x 2242 5x1 37M 350G 802 944
MViTv2-S [25] 16 x 224 5x1 35M 320G 81.0 94.6
Uniformer-S [20] IN-1K 16 x 2242 4x1 2IM 168G 80.8  94.7
Uniformer-B [20] IN-1K 16 x 2242 4x1 50M 388G 820 95.1
Uniformer-B [20] IN-1K 32 x 2242 4x3 50M 3T 830 954
STAM [42] IN-21K 64 x 2242 1x1 12IM 10T 79.2 -
TimeSformer-L [2] IN-21K 96 x 2242 1x3 121M 71T  80.7 947
ViViT-L [1] IN-21K 16 x 2242 4x3 31IM  479T 813 947
Mformer-HR [36] IN-21K 16 x 336> 10x3  311M 288T 8.1 952
VideoMAE-H [47] IN-21K 16 x 2247 5x3 633M  179T 86.6 97.1

CLIP-400M 16 x 336>  4x3 453M  37.0T 877 —
32x 2242 4x3  1120M 445T 89.1 982
64 x 2242 16x4 1300M 86.2T 91.1 989

X-CLIP-L/14 [32]
MTV-H [55] 60M!
InternVideo-1B [51] 412M?

InternVideo2-1B [52]  414M? 16 x 224 16x4  1000M — 916 —
InternVideo2-6B [52]  414M? 16 x 224 16x4  5903M — 921 —
VideoMamba-Ti IN-1K 32 x 2242 4x3 7™ 04T 788 939
VideoMamba-Ti IN-1K 64 x 3842 4x3 7™ 24T 803 948
VideoMamba-S IN-1K 32 x 2242 4x3 26M 1.6T 815 952
VideoMamba-S IN-1K 64 x 3842 4x3 26M 47T 827 95.6
VideoMamba-M IN-1K 32 x 2242 4x3 74M 48T 824 957
VideoMamba-M IN-1K 64 x 3842 4x3 74M  284T 833 96.1
VideoMambaPro-Ti IN-1K 32 x 2242 4x3 ™ 04T 816 959
VideoMambaPro-Ti IN-1K 64 x 3842 4x3 7™ 22T 833 96.1

32 x 2242 4x3 25M 1.6T 833 96.0
64 x 3842 4x3 25M 44T 845  96.6
32 x 2242 4x3 72M 47T 840 964
64 x 3842 4x3 72M  270T 850 96.7

VideoMambaPro-S IN-1K
VideoMambaPro-S IN-1K
VideoMambaPro-M IN-1K
VideoMambaPro-M IN-1K

Table 1. Performance on K400. Top part of the table are Trans-
former models, bottom part are Mamba models. We report crops
(temporal X spatial) and FLOPs for inference. —: not reported.

' IN-21K+WTS

2 CLIP-400M+WebVid+HowTo+K710+SSv2+AVA2.2+more.

3 LATION-300M+KMash+WebVid+InternVid+LLaVA+more.

5.2. Comparison with state-of-the-art

K400. Results appear in Table I. Compared to Video-
Mamba, VideoMambaPro has slightly fewer parameters and
FLOPs. This is primarily because VideoMamba employs an
additional projection layer to generate the weight coefficient
z to adjust Ay and Ay. See the supplementary materials for
an architecture comparison. VideoMambaPro outperforms
VideoMamba across model and input sizes. With 2242 in-
puts and pre-trained only on IN-1K, the best-performing
VideoMambaPro-M achieves a top-1 accuracy of 84.0%,
1.6% higher than VideoMamba-M. Further comparisons ap-
pear in Section 5.4. Increasing the input size to 3362 leads
to a performance improvement of 1.0-1.7%.

VideoMambaPro scores lower than the recent
InternVideo2-1B [52] by 7.6%, but was only pre-trained on
IN-1K and has significantly fewer parameters ( 1000M vs
72M) and inference only takes ~5.5% of the FLOPs.

Method Pre-train Input Crops Param FLOP Topl Top5
MViTvl1-B [6] K400 16 x 2242 1x3 37M 213G 647 892
MViTvl1-B [6] K400 32 x 2242 1x3 37M 510G 67.1 90.8
MViTv2-S [25] K400 16 x 224? 1x3 35M 195G 682 914
MViTv2-B [25] K400 32 x 2242 1x3 5IM 675G 705 927
Uniformer-S [20] IN-1K+K400 16 x 2242 1x3 2IM 126G 67.7 914
Uniformer-B [20] IN-1K+K400 16 x 2242 1x3 50M 291G 704 928
TimeSformer-L [2] IN-21K 16 x 2242 1x3 121M 51T 625

IN-21K+K400 16 x 224*  4x3 311IM  479T 654 89.8
IN-21K+K400 16 x 336  1x3 311M 3.6T 68.1 91.2
MaskFeat-L [53] IN-21K 64 x 3122 4x3 218M 85T 750 950
VideoMAE-L [47] IN-21K 32 x 2242 1x3 305M 43T 754 952
TubeViT-L [39] IN-1K 32 %2242 4x3 31IM 95T 761 952
InternVideo-1B [51]  See Table | 64 x 2242 16x4  1300M 86.2T 772 959

VIiViT-L [1]
Mformer-HR [36]

InternVideo2-1B [52]  See Table | 64 x 2242 16x4 1000M — 771 —
InternVideo2-6B [52]  See Table | 64 x 2242 16x4 5903M — 714 —
VideoMamba-Ti IN-1K 16 2242 2x3 M 102G 660 89.6
VideoMamba-$ IN-1K 16 % 2242 2x3 26M 408G 67.6 90.9
VideoMamba-M IN-1K 16 x 224> 4x3 74M 24T 683 914
VideoMambaPro-Ti IN-1K 16 x 224 2x3 ™ 96G 679 912
VideoMambaPro-S IN-1K 16 x 224 2x3 25M 382G 68.8 914
VideoMambaPro-M IN-1K 16 x 224 4x3 72M 22T 694 0916
Table 2. Performance on SSv2. —: not reported. Top part of the

table are Transformer models, bottom part are Mamba models.

SSv2. Results appear in Table 2. VideoMambaPro
outperforms VideoMamba by 1.1-1.9%. It also out-
performs several popular transformer models. Although
InternVideo-1B [51] and InternVideo2-6B [52] outperform
our VideoMambaPro-M by 7.8% and 8.0%, respectively,
they require 18.0-82 times more parameters and at least 39
times more FLOPs. Again, we expect that the performance

for VideoMambaPro will increase with more pre-training.

UCF-101/HMDBS51/AVA V2.2. From Table 3, it shows
that VideoMambaPro-M is competitive, and outperforms
VideoMamba by 3.4% and 1.8% on UCF-101 and
HMDBS51, respectively. VideoMambaPro-M achieves 31.9
mAP on AVA V2.2, which is 10.7% lower than VideoMAE
V2 [50] but with an order of magnitude fewer parameters
and FLOPs and pre-trained only on IN-1K (see Table 4).
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Method Params UCF-101 HMDBS5I1
VideoMoCo [33] 15M 78.7 49.2
CoCLR [16] M 81.4 52.1
MemDPC [15] 32M 86.1 54.5
Vi2CLR [4] M 89.1 55.7
VideoMAE [47] 837M 91.3 62.6
GDT [35] 33M 95.2 72.8
VideoMAE V2 [50]  1050M 99.6 88.1
VideoMamba-M 74M 88.2 60.8
VideoMambaPro-M M 91.6 63.2

Table 3. Results on UCF-101 and HMDB51.

Method FLOPs Param mAP
SlowFast R101 [8] 138G 53M 23.8
VideoMAE-B [47] 180G 87M 26.7

MViTv2-B [25]
ObjectTransformer [54]

225G 51IM 30.5
243G 86M 31.0

MViTv2-L [25] 2828G 213M 344
ST-MAE-H [9] 1193G 632M  36.2
VideoMAE V2 [50] 4220G  1050M  42.6
VideoMamba-M [19] 202G T4M 30.1
VideoMambaPro-M 183G 72M 31.9

Table 4. Results on AVA V2.2.

Models Input Top-1 Top-5
VideoMamba-M (baseline) 32 x 2242 82.4 95.7
VideoMambaPro-M (w/o residual) 32 x 2242  83.6 (+1.2)  96.0 (+0.3)
VideoMambaPro-M (w/o masking) 32 x 2242  83.0 (+1.0) 95.8 (+0.1)
VideoMambaPro-M 32 x 2242 84.0 (+1.6) 96.4 (+0.7)

Table 5. Ablation study on K400, with and without masked back-
ward computation and elemental residual connections.

5.3. Ablation study

Influence of masked backward computation and ele-
mental residual connection. We have identified two lim-
itations that exist in VideoMamba: historical decay and
element contradiction. We introduced masked backward
computation and elemental residual connections to address
these respective issue. Here, we analyze the impact of
each solution. We use the same settings as before, with
VideoMambaPro-M and pre-training on IN-1K. We sum-
marize the performance of VideoMambaPro-M on K400 in
Table 5. Both solutions contribute to an improved score,
and their effect is partly complementary. This indicates that
the two limitations exist simultaneously in VideoMamba.
Evidence of limitations of Mamba. We have theo-
retically identifies historical decay and element contradic-
tion as fundamental problems in Mamba, and propose the
masked backward computation and elemental residual con-
nection to solve the limitations. Previous experiments on
image and video action recognition demonstrated the ef-
fectiveness of our approach, and we further provide con-
crete evidence that the increased performance stems from

addressing these two issues.

We performed two tests on ImageNet-1K image clas-
sification task to build the connection between the issues
in practice and our approach. First, to investigate whether
the residual connection alleviates element contradiction, we
randomly replaced a percentage of the patches by randomly
selected patches from other classes, which will increase el-
ement contradiction because more irrelevant information is
present. The table 6 shows that the relative performance
of VideoMambaPro over VideoMamba increases to 9.2%
when 20% of the patches is replaced. For higher percent-
ages, the gap is reduced along with the overall score. This
demonstrates that irrelevant (or even misleading) informa-
tion can better be dealt with using our approach.

Replacement ratio
0 5 10 20 30 50 80

769 732 68.0 594 529 476 289
789 780 76.1 68.6 559 482 29.

VideoMamba-Ti
VideoMambaPro-Ti

Table 6. Top-1 accuracy of VideoMambaPro-Ti and VideoMamba-
Ti with various replacement ratios (in %) on ImageNet-1K.

Second, to verify that masking addresses the issue of his-
torical decay, we adopted a progressive masking approach,
gradually decreasing the mask values of the diagonal el-
ements of M, from 1 to 0, and then retrained the model
on ImageNet-1K. The results below show that VideoMam-
baPro’s accuracy gradually increases when more masking
is applied, evidencing the merits of the approach.

Mask value
1 07 05 0

769 770 772 718

VideoMambaPro-Ti

Table 7. Top-1 accuracy across mask values on ImageNet-1K.

5.4. Comparison with VideoMamba on K400

We more thoroughly compare the differences between
VideoMamba and VideoMambaPro by investigating the rel-
ative performance per class. We then present a statistical
comparison between the results of both backbones.

Class analysis. We compare VideoMambaPro-M with 2242
image size pre-trained on IN-1K to a VideoMamba-M base-
line with the same settings. We show the relative perfor-
mance for all classes of K400 in Figure 2. For over 95%
of the classes, VideoMambaPro shows improvement. Al-
though there is a lower performance for certain classes, the
decrease is typically limited.

The majority of the classes sees a ~1.8% improvement,
which is substantial. For a small number of classes, Video-
MambaPro performs >2% better than VideoMamba. Only
a fraction of the classes is negatively affected by the solu-
tions introduced in VideoMambaPro.
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Figure 2. Relative accuracy per class on Kinetics-400 by compar-
ing VideoMambaPro-M to VideoMamba-M.

Statistical comparison. In order to understand whether
the improvements of VideoMambaPro over VideoMamba
are statistically significant, we compare the K400 results of
the respective Middle models, both pre-trained on IN-1K
and size 224 x 224. Other settings are also the same. For
each test sample, we check whether if it correctly classified
by either model. The results appear in Table 8.

VideoMambaPro-M

True False Total

True 14,302 469 14,771
VideoMamba-M False 1,833 3,302 5,135
Total 16,135 3,771 19,906

Table 8. Contingency table for K400 test items for VideoMamba-
M and VideoMambaPro-M.

We used the McNemar test, a non-parametric test with
a single degree of freedom. It checks whether the num-
ber of items that are incorrectly classified by VideoMam-
baPro (n1p) but not VideoMamba is substantially lower
than the number of items misclassified by VideoMamba
but not VideoMambaPro (ng;). The test is calculated as
X2 = % The resulting value of 808.2 corresponds
to a significance level of p < 0.001. We can thus conclude
that VideoMambaPro-M is statistically significantly better
than VideoMamba-M. Because we relied on the aggregated
performance reported in papers for other methods, we can-
not report statistical comparisons here.

5.5. Computation cost analysis

Finally, we compare the performance of VideoMambaPro
with various model sizes with other approaches on K400.
We map the top-1 to the number of parameters and FLOPs
in Figures 3 and 4, respectively. VideoMambaPro per-
forms favorably in terms of the accuracy-compute trade-

92 T T T T T
* L]
90 -
X 881 -
> ° e VideoMambaPro
© 861 2z VideoMamba -
3 ¢ Uniformer-B
S ®  MVIiTv2-S
© 841 e
i 84 PY ® Mformer-HR
g s X-CLIP
F 82)ze ® VideoMAE-H
e
MTV-H
80 @ InternVideo-1B
¢ InternVideo2-1B
78 1L

300 600 900 1200 1500
Parameters (M)

Figure 3. Top-1 accuracy versus number of parameters of Video-
MambaPro and other models on Kinetics-400.

92 T T T T T T
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_ 88 - - _
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- ® e VideoMAE-H
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Figure 4. Top-1 accuracy versus number of FLOPs of VideoMam-
baPro and other models on Kinetics-400.

off. Importantly, VideoMambaPro was trained on much less
data than other models, which might provide opportunities
for further accuracy gains without additional compute and
memory requirements.

6. Conclusion

From a mathematical comparison with self-attention, we
have identified two limitations in how Mamba processes to-
ken sequences. We argue that these limitations constrain
Mamba’s potential, especially in video understanding tasks.
To address the two limitations, we have introduced Video-
MambaPro (VMP). It takes VideoMamba and introduces
the masked backward State Space Model (SSM), and adds
residual connections in both forward and backward SSM.
In experiments on Kinetics-400, Something-Something V2,
HMDB51, UCF-101, and AVA V2.2, VideoMambaPro
consistently demonstrates improved performance over the
vanilla VideoMamba. We expect that extensive pre-training
further elevates the performance of Mamba models for
video tasks, making it an increasingly attractive, efficient
alternative to large transformer models.
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001 We provide the architectures for VideoMambaPro mod-
002 els in Section 1. A comparison between the architectures
003 of VideoMamba and VideoMambaPro appears in Section 2.
004 Training details are presented in Section 3. Finally, we re-
005 port ImageNet-1K image classification results in Section 4,
006 to illustrate the potental of the proposed solutions for image
007 classification tasks.

008 1. VideoMambaPro architectures

009 We present the architecture details of VideoMambaPro-
010 Tiny (Ti), -Small (S), and -Middle (M) in Tables 1-3. The
011 differences are in the embedding dimension (192, 384, 576)
012 and the number of SSM blocks (24, 24, 32).

Stage Tiny
Patch Embedding  nn.Conv3d (kernel size = 16 x 16 x 1, embedding dimension = 192)
MLP(768)
SSM MLP(3072) x 24
MHA (head = 12)

Layer Normalization
Dropout (ratio)
Linear layer (1000)
Softmax

Projection

Table 1. Architecture details of VideoMambaPro-Ti.

Stage Small

Patch Embedding nn.Conv3d (kernel size = 16 x 16 x 1, embedding dimension = 384)
{ MLP(768)

MLP(3072) | x 24
MHA (head = 12)

SSM

Layer Normalization
Dropout (ratio)
Linear layer (1000)
Softmax

Projection

Table 2. Architecture details of VideoMambaPro-S.

013 2. Architecture comparison with VideoMamba

014 We compare the architectures of VideoMambaPro and
015 VideoMamba [1] in Figure 1. VideoMambaPro does not

Stage Middle
Patch Embedding  nn.Conv3d (kernel size = 16 x 16 x 1, embedding dimension = 576)
MLP(768)
SSM MLP(3072) | x 32
MHA (head = 12)

Layer Normalization
Dropout (ratio)
Linear layer (1000)
Softmax

Projection

Table 3. Architecture details of VideoMambaPro-M.

have the linear layer to generate parameters z. Additionally,
our residual SSM and mask scheme do not introduce addi-
tional parameters or computational overhead, so our method
has slightly fewer parameters and FLOPs.
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(b) VideoMambaPro Block (ours)

Figure 1. Comparison between the bi-directional VideoMamba
(top) and VideoMambaPro (bottom) blocks.

3. Implementation details

We conduct pre-training on ImageNet-1K and fine-tuning
on the Something-Something V2 and Kinetics-400 datasets
with 16 NVIDIA A100-80G GPUs. Models for UCF101
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and HMDB51 are trained with 8 A100-80G GPUs. The ex-
periments on AVA V2.2 are conducted with 32 A100-80G
GPUs. The values of the hyperparameters are largely sim-
ilar to those used in VideoMamba [1]. We linearly scale
the base learning rate with respect to the overall batch size,
Ir = lrpase X batchsize/256. The pre-training details are
shown in Table 4, and the fine-tuning details on the other
datasets are listed in Tables 5-8.

config image size: 224 x 224
optimizer AdamW

base learning rate 1.5e-4

weight decay 0.1 (Tiny), 0.05 (Small, Middle)
minimal learning rate 1.0e-6

optimizer momentum 531,82, =0.9,0.95

batch size 512

learning rate schedule
warmup epochs

cosine decay
5 (Tiny), 10 (Small), 40 (Middle)
dropout ratio 0 (Tiny), 0.15 (Small), 0.5 (Middle)
augmentation MultiScaleCrop
label smoothing 0.1

Table 4. Pre-training setting on ImageNet-1K

config image size: 224 x 224
optimizer AdamW

base learning rate 1.5e-4

weight decay 0.1 (Tiny), 0.05 (Small, Middle)
minimal learning rate 1.0e-6

optimizer momentum 51, B2 =0.9,0.99

batch size 256

learning rate schedule
warmup epochs

cosine decay
5 (Tiny), 5 (Small) 10 (Middle)
dropout ratio 0.1 (Tiny), 0.35 (Small), 0.6 (Middle)
augmentation RandAug (7, 0.25) (Tiny), RandAug (9, 0.5) (Small, Middle)
label smoothing 0.1
flip augmentation yes

Table 5. Fine-tuning setting for Kinetics-400

config image size: 224 x 224
optimizer AdamW

base learning rate 4e-4

weight decay 0.1 (Tiny), 0.05 (Small, Middle)
minimal learning rate 1.0e-6

optimizer momentum 81, B2 =0.9,0.999

batch size 256

learning rate schedule
warmup epochs
dropout ratio

cosine decay
5 (Tiny), 5 (Small) 10 (Middle)
0.1 (Tiny), 0.35 (Small), 0.6 (Middle)

augmentation RandAug (7, 0.25) (Tiny), RandAug (9, 0.5) (Small, Middle)
label smoothing 0.1
flip augmentation no

Table 6. Fine-tuning setting for Something-Something V2

4. Results on ImageNet-1K

We argue that the proposed solutions in handling the fea-
ture extraction capabilities of Mamba models are most ef-
fective when relevant tokens are more sparsely distributed

config image size: 224 x 224
optimizer AdamW

base learning rate 4e-4

weight decay 0.1 (Tiny), 0.05 (Small, Middle)
minimal learning rate 1.0e-6

optimizer momentum B1,82=0.9,0.99

batch size 128

learning rate schedule
warmup epochs
dropout ratio

cosine decay
5 (Tiny), 5 (Small) 10 (Middle)
0.1 (Tiny), 0.35 (Small), 0.6 (Middle)

augmentation RandAug (7, 0.25) (Tiny), RandAug (9, 0.5) (Small, Middle)
label smoothing 0.1
flip augmentation yes

Table 7. Fine-tuning setting for UCF101/HMDBS51

config image size: 224 x 224
optimizer AdamW

base learning rate 1.5e-3 (Tiny), 2.5e-4 (Small, Middle)
weight decay 0.051 (Tiny, Small, Middle)
minimal learning rate 1.0e-6

optimizer momentum B1,82=0.9,0.999

batch size 128

learning rate schedule
warmup epochs
dropout ratio

cosine decay
5 (Tiny), 5 (Small) 10 (Middle)
0.1 (Tiny), 0.35 (Small) 0.6 (Middle)

augmentation RandAug (7, 0.25) (Tiny), RandAug (9, 0.5) (Small, Middle)
label smoothing 0.1
flip augmentation yes

Table 8. Fine-tuning setting for AVA 2.2

in the input. While our main focus is on the video do-
main, we also summary our experiments on image classi-
fication. We pre-train VideoMambaPro on ImageNet-1K,
which contains 1.28M training images and 50K validation
images across 1,000 categories. All models are trained on
the training set, and top-1 accuracy on the validation set is
reported. For fair comparison, we adopt the same method
as VideoMamba, and our training settings primarily follows
DeiT [2]. When training on 2242 input images, we use
AdamW with a momentum of 0.9 and a total batch size of
512. Training is performed on 8 A800 GPUs, with more
details provided in Table 4. The results are summarized in
Table 9. VideoMambaPro achieves accuracy gains of 0.9-
2.0% over VideoMamba.

Input Param FLOPs Top-1
VideoMamba (Ti) 2242 M 1.1G 769
VideoMambaPro (Ti) 224 2 ™ 1.1G 78.9
VideoMamba (S) 2242 26M 4.3G 81.2
VideoMambaPro (S) 2242  25M 4.2G 82.4
VideoMamba (M) 2242 74M 127G 8238
VideoMambaPro (M) 2242  72M 12.4G 83.8
VideoMamba (M) 4482  75M 504G 838
VideoMambaPro (M) 4482 73M  49.6G 84.7

Table 9. ImageNet-1K pre-training results for VideoMamba and
VideoMambaPro.
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