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Abstract

As the core operator of Transformers, Softmax Atten-
tion exhibits excellent global modeling capabilities. How-
ever, its quadratic complexity limits its applicability to vi-
sion tasks. In contrast, Linear Attention shares a simi-
lar formulation with Softmax Attention while achieving lin-
ear complexity, enabling efficient global information mod-
eling. Nevertheless, Linear Attention suffers from a signif-
icant performance degradation compared to standard Soft-
max Attention. In this paper, we analyze the underlying
causes of this issue based on the formulation of Linear At-
tention. We find that, unlike Softmax Attention, Linear At-
tention entirely disregards the magnitude information of the
Query(Q or ¢(Q)). This prevents the attention score dis-
tribution from dynamically adapting as the Query scales.
As a result, despite its structural similarity to Softmax At-
tention, Linear Attention exhibits a significantly different
attention score distribution. Based on this observation,
we propose Magnitude-Aware Linear Attention (MALA),
which modifies the computation of Linear Attention to fully
incorporate the Query’s magnitude. This adjustment al-
lows MALA to generate an attention score distribution that
closely resembles Softmax Attention while exhibiting a more
well-balanced structure. We evaluate the effectiveness of
MALA on multiple tasks, including image classification,
object detection, instance segmentation, semantic segmen-
tation, natural language processing, speech recognition,
and image generation. Our MALA achieves strong results
on all of these tasks. Code will be available at ht tps :
//github.com/ghfan/MALA.

1. Introduction

Since the introduction of the Transformer [9, 50] into the
vision domain, it has gained increasing attention. Its excep-
tional global modeling capability has enabled Vision Trans-
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Figure 1. Comparison between Softmax Attention and Linear At-
tention. While linear attention offers linear complexity and high
computational efficiency, its modeling capability falls short com-
pared to Softmax Attention.

formers to achieve outstanding performance in various vi-
sual tasks, such as image classification, object detection,
and semantic segmentation, fully demonstrating the Trans-
former’s potential in vision applications [20, 37].

However, the core operator of the Transformer, Softmax
Attention, has a quadratic complexity with respect to the
number of tokens NV, resulting in high computational costs
that significantly hinder its widespread adoption in the vi-
sion domain. Many models reduce the computational cost
of Softmax Attention by decreasing the number of tokens
involved in its computation, bringing its complexity closer
to or even achieving linearity [8, 13, 18, 37, 51, 52]. How-
ever, these methods, which limit the number of tokens, often
fail to accurately model the relationships between all tokens
globally, preventing the Transformer from fully leveraging
its original advantages.

Unlike these improvements to Softmax Attention, linear
attention fundamentally eliminates the Softmax operation.
As shown in Fig. 1, by removing the Softmax operation, the
computation order of @, K, and V is rearranged, resulting
in a linear complexity with respect to the number of tokens
N. Although Linear Attention and Softmax Attention share
a very similar form, the removal of the Softmax operation
introduces several challenges, often leading to significantly
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Figure 2. Comparison of attention score distributions across different mechanisms. As the magnitude of the Query (Q or ¢(Q)) increases,
the attention score distribution in Softmax Attention becomes increasingly spiky, concentrating more attention on keys that originally have
higher scores. In contrast, Linear Attention maintains an unchanged distribution or exhibits only minimal variation, resulting in a relatively
smooth attention score distribution. Our MALA retains the spiky characteristic of Softmax Attention while preventing it from becoming

excessively sharp, achieving a more balanced distribution.

inferior performance compared to Softmax Attention.

In this paper, we analyze the computational formula-
tion of Linear Attention and observe that it entirely disre-
gards the magnitude information of the Query (Q or ¢(Q)),
preserving only its directional component. Consequently,
Linear Attention exhibits a substantial discrepancy in at-
tention score distribution compared to Softmax Attention.
Specifically, as illustrated in Fig. 2, for a fixed direction,
the attention scores in Softmax Attention become increas-
ingly spiky as the Query magnitude increases, concentrat-
ing more attention on keys that originally have higher at-
tention scores. In contrast, due to the inherent limita-
tions of its computation, Linear Attention either maintains a
fixed attention score distribution or undergoes only minimal
variation, and the distribution remains consistently smooth.
This phenomenon may account for its weak local percep-
tion and the tendency to produce overly smooth attention
scores [4, 20, 21, 42].

To address this issue and better align the attention score
distribution of Linear Attention with that of Softmax At-
tention, we propose Magnitude-Aware Linear Attention
(MALA). MALA fully integrates the magnitude informa-
tion of the Query, mimicking the variation trend of Softmax
Attention while achieving a more balanced and reasonable
allocation of attention. As a result, MALA outperforms
Softmax Attention while preserving its linear complexity.
To demonstrate the effectiveness of MALA, we conduct ex-
tensive experiments on image classification, object detec-
tion, instance segmentation, semantic segmentation, natural
language processing, speech recognition, and image gener-
ation. Strong results across all these tasks demonstrate the
effectiveness of proposed MALA.

Our contributions can be summarized as follows:

* We analyze the computational formulation of Linear At-
tention and reveal that it entirely disregards variations in

the Query (Q or ¢(Q))’s magnitude. This omission leads
to a substantial discrepancy between the attention score
distributions of Linear Attention and Softmax Attention.

* To bridge this gap, we propose Magnitude-Aware Linear
Attention (MALA), which fully incorporates the Query’s
magnitude information. MALA mimics the variation
trend of Softmax Attention while achieving a more bal-
anced and principled attention score distribution.

* Based on MALA, we develop the Magnitude-Aware Vi-
sion Transformer (MAViT). We also test MALA on other
tasks, such as natural language processing, speech recog-
nition, and image generation. All models achieve promis-
ing results.

2. Related Works

Vision Transformers. Vision Transformer (ViT) is a
powerful foundational vision model inspired by advance-
ments in natural language processing (NLP) [9, 50]. It
demonstrates remarkable performance across various vision
tasks. However, the core operator of the Transformer, Soft-
max Attention, has a quadratic complexity with respect to
the number of tokens N, imposing a computational burden
that limits the application of Transformers in vision tasks.
Many works have proposed improvements to address this
issue. One approach adopts a grouping strategy, where to-
kens are divided into multiple groups, reducing the compu-
tational burden at the cost of sacrificing the global recep-
tive field of ViT [7, 8, 23, 37, 57]. Another approach di-
rectly downsamples the tokens, preserving ViT’s global per-
ception capability but compromising its fine-grained rep-
resentation [11, 18, 35, 46, 51, 52]. Some methods inte-
grate convolution with Transformers to enhance model’s ef-
ficiency [10, 28, 31]. However, most of these approaches
still rely on the quadratic complexity of Softmax Attention.
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Linear Attention. Linear Attention assumes that the ex-
ponential function can be approximated by the product of
kernel functions. This decomposition reformulates the com-
putation of attention scores, reducing the complexity of At-
tention to linear time. However, this improvement in effi-
ciency comes at the cost of performance degradation. Many
works have explored ways to bridge the gap between Soft-
max Attention and Linear Attention [4, 20, 22, 39, 44].
Among them, MILA [22], inspired by Mamba, incorpo-
rates Mamba’s macro architecture into the design of Linear
Attention. EfficientViT [4] and Flatten Transformer [20]
integrate Linear Attention with convolution to compensate
for its limitations in capturing local features. In contrast to
these methods, we directly address the computational form
of Linear Attention and the distribution of attention scores,
aiming to align the behavior of Linear Attention with that
of Softmax Attention.

3. Method
3.1. Preliminary

Given an input token sequence X € R4 of length N and
dimension d, the output of the ith token X after attention
processing can be expressed as:

Q=XWqo, K=XWg,V=XWy,
N .
Slm(Qi, Kj) Vi (1)

Y= ;
j=1 Zi\i:l Slm(leKm) !

Where Wo, Wi, Wy € R4 are learnable matrices,
Sim(., .) is the similarity function. In classical Softmax At-
tention, Sim(Q;, K;) = exp(QinT/\/E). This requires
computing the exponential value for each pair of query and
key, resulting in a complexity of O(N?).

In Linear Attention, this situation changes. It employs a
kernel function ¢(.) to approximate the similarity function
and maps @ and K into positive real numbers. and leading
to Sim(Q;, K;) = ¢(Q;)¢(K;)T. Based on this transfor-
mation, the formulation of Linear Attention can be rewritten

as:
N

_ P(Qi)o(K;)"
- N
j=1 Zmzl ¢(Qz)¢(Km)T
N
BQI(TN, 6(K)TV)
= S ;
¢(Qi)(zm:1 ¢(K77L)T)
in this computational form, the order of operations for (),
K, and V changes from (QKT)V to Q(KTV), eliminat-
ing the need to compute the result for each query-key pair.
This reduces the complexity with respect to the number of

tokens N from O(N?) to O(N). However, the reduction in
complexity also leads to a decline in performance.

¢ J

2

3.2. Magnitude Neglect in Linear Attention

We define
¢(Qs) = [|p(Qs)l ;s 3)

where ||¢(Q;)|| represents the magnitude of ¢(Q;), and &;
denotes its direction vector. Substituting this expression
into the formulation of Linear Attention, we obtain:

o Io@aIlai(S, o(K)"V;)

L Qi) (N (Kw)T)
LA o))
Ca(T oy o(Kn)T)

from this equation, we observe that the magnitude informa-
tion of ¢(Q) in Linear Attention is completely ignored. As
a result, as long as & remains fixed, the attention score dis-
tribution of Linear Attention remains unchanged.

This phenomenon leads to a significant discrepancy be-
tween the attention score distributions of Linear Attention
and Softmax Attention. In Softmax Attention, the magni-
tude of @; is fully taken into account. Given @);, the ratio
of its attention scores for two different keys, K, and K,
is given by

“)

oxp(Qi K /Vd)
exp(Q: K] /Vd)
We assume that (); assigns a higher attention weight to K,,,
i.e., p > 1. When the direction of (); remains unchanged

and its magnitude is scaled by a factor of a > 1, the ratio of
its attention scores for K,,, and K, becomes:

exp(aQ; KL /V/d) _ exp(Q: K} /Vd)" _
exp(aQ; KT /Vd)  exp(Q:K[T /Vd)®

Since p > 1 and @ > 1, it follows that p; > p. Given
that the attention scores of (Q; across all K's sumto 1, Eq. 5
and Eq. 6 imply that as the magnitude ||Q;|| increases,
the attention of (); becomes more concentrated on keys
with higher original attention scores, while the attention
assigned to keys with lower initial scores diminishes.
However, this situation does not occur in Linear Atten-
tion. The ratio of );’s attention to K, and K, is given by:

=p; )

pa = ps; (6)

AQ)SEm)" _ 10(Qi)|ip(Km)"  id(Km)"
P(Qi)S(Kn)"  [o(Qs)l|id(Kn)" &i¢(Kn)T(;)

This indicates that regardless of the changes in the mag-
nitude of ¢(();), the attention scores in Linear Attention
remain in the same distribution and do not concentrate
on specific keys. This distinction explains why the attention
scores learned by Linear Attention are less spiky compared
to those of Softmax Attention and why the learned features
exhibit weaker locality [4, 20, 21, 42].
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Model | Softmax
Acc(%) 72.2

Q' =Q/||Q|] Softmax—Linear
70.0 69.8

Table 1. Discarding magnitude information in Softmax Attention.

N
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Figure 3. Attention scores of different models. When @ is re-
placed with Q/||Q||, Softmax Attention exhibits a distribution
similar to that of Linear Attention, becoming much smoother and
losing locality.
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Figure 4. Visualization of attention scores on DeiT-T setting. Soft-
max Attention’s score is too spiky and primarily focuses on local
regions, while Linear Attention’s score is too smooth and exces-
sively disregards local information. In contrast, MALA effectively
balances both aspects. The visualizations on natural images are

provided in the Appendix.

In addition to the theoretical analysis above, we also con-
duct experimental validation. As shown in Tab. 1, based on
DeiT-T, we rewrite the ) in Softmax Attention as Q/||Q|],
thereby disregarding the magnitude information. We ob-
serve a significant drop in the model’s performance, which
becomes similar to that of the model based on Linear At-
tention. We visualize the attention scores in Fig. 3 and find
that the distribution converges to that of Linear Attention,
becoming much smoother and losing locality.

3.3. Magnitude-Aware Linear Attention

To bridge the gap between Linear Attention and Softmax
Attention, we aim for Linear Attention to incorporate the
magnitude information ||¢(Q;)|| and exhibit similar varia-
tion trend as Softmax Attention.

In our Magnitude-Aware Linear Attention(MALA),
building upon the original Linear Attention, we introduce

a scaling factor and an offset term while discarding the
division-based normalization in favor of an addition-based
normalization:

Attn(Qi, K;) = Bo(Qi)o(K )T — )
Where:
1
+ < ,
H(Qi) >y P(HKm) T

3(Qi) Yom—y ¢(Km)T
N b

’y:

N N
> Atn(Qi, Kj) =B ¢(Qi)¢(K;)" — Ny =1;
j=1 j=1
)

When considering all attention scores as positive values, the
ratio of );’s attention scores for K, and K, is given by:

ﬁ¢(Ql)¢(KrrL)T -7 =p;
B(Qi)p(In)T =y 7

We assume that @); assigns a higher attention score to K,,,
i.c., B6(Q)G(Km) > BH(Qi)¢(Ky) and p > 1.When the
direction of ¢((Q);) remains unchanged and its magnitude is
scaled by a factor of a > 1, it is straightforward to derive
that the new 3 and -y can be written as:

(10)

_ Bta-—-1
Bnew—Ta (11)

TYnew = A7Y;

At this point, the ratio of the attention scores of a¢(Q);) for
K, and K,, becomes:

ﬁnewa¢(Qi)¢(Km)T — Ynew
)¢

Bnewa¢(Ql (Kn)T — Ynew 12
_BO@UEN — ey
B(Qi)P(Kn)T — 5725y

Since § > 1 and @ > 1, it is straightforward to prove
that — féil > 1. From this, we can further easily prove
that when considering all attention scores as positive val-
ues, p,, > p (Details can be found in the Appendix). More-
over, since Z;\le Attn(Q;, K;) = 1, as the magnitude of
¢(Q;) increases, MALA concentrates more attention on the
keys that originally received higher attention, while allo-
cating less attention to the keys that originally had lower
attention. This behavior is similar to Softmax Attention.

Although both Softmax Attention and MALA exhibit a
trend of more concentrated attention score distributions as
the magnitude of @Q; or ¢(Q);) increases, the rate at which
this concentration occurs differs between the two. From the
comparison between Eq. 6 and Eq. 12, it can be observed
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that in Softmax Attention, the ratio p of attention scores ex-
hibits an exponential growth with respect to the scaling
factor a of ||@Q]|. In contrast, in MALA, the ratio p follows a
fractional growth pattern with respect to the scaling factor
a of ||¢(Q)||. The variation of p in MALA is smaller than
that in Softmax Attention, which may contribute to the su-
perior performance of MALA over Softmax Attention. As
shown in Fig. 4, we visualize the attention scores of differ-
ent mechanisms. It can be observed that Softmax Atten-
tion’s score is too spiky and primarily focuses on local re-
gions. In contrast, Linear Attention’s score is too smooth
and excessively disregards local information [4, 20, 21].
MALA, however, effectively balances both aspects. This
indicates that the gradual variation of p in MALA leads to a
more appropriately distributed attention score.

As for the occurrence of negative/zero attention scores in
MALA, in our experiments (image classification, object de-
tection, instance segmentation and semantic segmentation),
we find that although negative/zero attention scores are the-
oretically possible, their actual frequency of occurrence is
equal zero. We do not observe any negative or zero attention
scores. So we do not introduce additional considerations.

When the attention scores are applied to the values, the
complete formulation of MALA is expressed as:

N
Y, = Z(W(Qi)qﬁ(Kg‘)T — )V

N N (13)
= Bo(Qi) Y $(K) Vi =) Vi
j=1 j=1
Where:
B=1+ - ,
9(Q) Xps ()T (14
) zﬁﬁl OEn)"

4. Experiments

We conduct extensive experiments on image classification,
object detection, instance segmentation, semantic segmen-
tation, natural language processing, speech recognition and
image generation. Additionally, we perform ablation stud-
ies to validate the impact of MALA. More visualization re-
sults and details can be found in the Appendix.

4.1. Image Classification

Settings. We follow the same training strategy in previ-
ous works with the only supervision being classification
loss [8, 13, 22, 27, 49, 57]. We train our models on
ImageNet-1K [6] from scratch. The maximum rates of in-
creasing stochastic depth [26] are set to 0.1/0.15/0.4/0.55
for MAVIT-T/S/B/L, respectively. The batch size is set to

Parmas FLOPs | Topl-acc
Cost Model Type ™) G) (%)
NAT-M [23] Trans 20 2.7 81.8
FAT-B2 [11] Trans 14 2.0 81.9
CHS GC-ViT-XT [24] Trans 20 2.6 82.0
gR RMT-T [13] Trans 14 2.5 82.4
2, MSVMamba-M [45] | Mamba 12 1.5 79.8
= Flatten-PVTv2-B1 [20] | Linear 13 2.2 79.5
RAVLT-T [14] Linear 15 24 82.8
MAVIT-T Linear 16 2.5 82.9
MogaNet-S [32] CNN 25 5.0 83.4
SG-Former-S [16] Trans 23 4.8 83.2
FAT-B3 [11] Trans 29 4.4 83.6
3 SMT-S [34] Trans 20 4.8 83.7
B Q RMTS [13] Trans 27 45 84.1
g < SECVIT-S [12] Trans 27 4.6 84.3
g 2 Vmamba-T [36] Mamba 30 49 82.6
«\ MSVMamba-T [45] | Mamba 32 5.1 83.0
Flatten-CSwin-T [20] | Linear 21 4.3 83.1
RAVLT-S [14] Linear 26 4.6 84.4
MAVIT-S Linear 27 4.6 84.7
ConvNeXT-S [38] CNN 50 8.7 83.1
InternImage-S [53] CNN 50 8.0 84.2
MogaNet-B [32] CNN 44 9.9 84.3
< BiFormer-B [57] Trans 57 9.8 84.3
g8 RMT-B [13] Trans | 54 9.7 85.0
= SECViT-B [12] Trans | 57 9.8 85.2
32 Vmamba-S [36] Mamba 50 8.7 83.6
i MSVMamba-S [45] | Mamba | 50 8.8 84.1
MILA-S [22] Linear 43 7.3 84.4
RAVLT-B [14] Linear | 48 9.9 85.5
MAVIT-B Linear 50 9.9 85.7
MogaNet-L [32] CNN 83 159 84.7
InterImage-B [53] CNN 97 16.0 84.9
SG-Former-B [16] Trans 78 15.6 84.7
o) STVIiT-L [27] Trans 95 15.6 85.3
B9 RMT-L [13] Trans 95 182 85.5
25| Vmamba-B[36] | Mamba| 89 154 | 839
%0 2 MSVMamba-B [45] | Mamba 91 16.3 84.4
~ SOFT-Huge [39] Linear 87 16.3 83.3
InLine-CSwin-B [21] | Linear 73 14.9 84.5
RAVLT-L [14] Linear 95 16.0 85.8
MAVIT-L Linear 98 16.1 86.0

Table 2. Comparison with the state-of-the-art on ImageNet-1K
classification. We use "CNN” to refer to convolutional neural net-
works, ”Trans” to refer to Vision Transformers, "Mamba’ to refer
to visual state space model, and “Linear” to refer to models based
on Linear Attention.

1024 and the max learning rate is 1e-3. We train all models
for 300 epochs.

Results. we compare the performance of various mod-
els in Tab. 2. Under models of comparable size, MAViT
achieves the best results. Specifically, with 98M parame-
ters and 16.1G FLOPs, MAVIT-L achieves the accuracy of
86.0%. This performance surpasses MILA, another Linear
Attention method, by 0.7%. Moreover, MAViT-S achieves
an accuracy of 84.7% with only 27M parameters and 4.6G
FLOPs, surpassing the larger MILA-S.
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Figure 5. Comparison of general backbones’ inference speed on
low resolution task (image classification, resolution 224 x 224).

The inference speed are measured on A100, batch size 64.

541

Backbone Type Pjr]\j‘[’;“ F%g)P S|APY APb, APY, AP™ AP AP
Mask R-CNN 3 x+MS
NAT-T [23] Trans | 48 258 (47.8 69.0 52.6 42.6 66.0 459
SMT-S [34] Trans | 40 265 |49.0 70.1 53.4 434 67.3 46.7
RMT-S [13] Trans | 46 262 [50.7 71.9 55.6 449 69.1 484
Vmamba-T [36] [Mamba| 50 271 |48.8 - - 437 - -
MILA-T [22] |Linear| 44 255 |48.8 71.0 53.6 43.8 68.0 46.8
MAVIT-S Linear| 44 262 51.4 72.6 56.2 45.5 69.8 49.2
Internlmage-S [53]| CNN | 69 340 (49.7 71.1 54.5 445 68.5 47.8
SMT-B [34] Trans | 52 328 |49.8 71.0 54.4 44.0 68.0 47.3
RMT-B [13] Trans | 73 373 |52.2 72.9 57.0 46.1 704 49.9
Vmamba-S [36] [Mamba| 70 349 1499 - - 442 - -
MILA-S [22] |Linear| 63 319 |50.5 71.8 55.2 44.9 69.1 48.2
MAVIT-B Linear| 67 372 53.2 74.1 58.5 47.0 71.5 51.1
InternImage-B [53]] CNN | 115 501 |50.3 71.4 55.3 44.8 68.7 48.0
Swin-B [37] Trans | 107 496 |48.6 70.0 53.4 43.3 67.1 46.7
CSwin-B [8] Trans | 97 526 |50.8 72.1 55.8 449 69.1 48.3
MAVIT-L Linear| 114 501 53.6 74.3 58.7 47.2 71.5 514
Cascade Mask R-CNN 3 x+MS
HorNet-T [43] | CNN | 80 728 |52.4 71.6 56.8 45.6 69.1 49.6
GC-ViT-T [24] | Trans | 85 770 |51.6 70.4 56.1 44.6 67.8 48.3
CSWin-T [8] Trans | 80 757 |52.5 71.5 57.1 45.3 68.8 489
RMT-S [13] Trans | 83 741 |53.2 72.0 57.8 46.1 69.8 49.8
FL-Swin-T [20] |Linear| 87 747 |50.8 69.6 55.1 44.1 67.0 48.1
MAVIT-S Linear| 82 741 54.2 72.6 58.6 47.0 70.5 51.1
NAT-S [23] Trans | 108 809 |51.9 70.4 56.2 449 68.2 48.6
UniFormer-B [31] | Trans | 107 878 |53.8 72.8 58.5 46.4 69.9 50.4
RMT-B [13] Trans | 111 852 |54.5 72.8 59.0 47.2 70.5 51.4
FL-Swin-S [20] |Linear| 108 841 [52.2 71.2 56.8 454 68.3 494
InLine-Swin-S [21]| Linear| 109 835 |52.4 71.0 56.9 454 68.8 49.6
MAVIT-B Linear| 105 851 55.5 74.0 60.4 48.0 71.7 52.5
ConvNeXt-B [38] | CNN | 145 964 |52.7 71.3 57.2 45.6 68.9 49.5
Swin-B [37] Trans | 145 982 |51.9 709 56.5 45.0 68.4 48.7
CSwin-B [8] Trans | 135 1004 |53.9 72.6 58.5 46.4 70.0 50.4
MAVIT-L Linear| 152 979 56.0 74.6 60.9 48.4 72.4 529

Table 3. Comparison to other backbones on ”’3 x +MS” schedule.

4.2. Object Detection and Instance Segmentation

Settings. Following previous works [13, 37, 57], we use
RetinaNet [33], Mask-RCNN [25] and Cascade Mask R-
CNN [5] to evaluate our models. we use the commonly
used ”1x” (12 epochs) setting for the RetinaNet and Mask
R-CNN and ”3x+MS” (36 epochs) for Mask R-CNN and
Cascade Mask R-CNN.

Results. We show the experimental results in Tab. 3
(”3x+MS”) and Tab. 4 ("1x”’). MAVIT demonstrates sig-
nificant advantages over other models based on Linear At-
tention. Moreover, it surpasses models utilizing Softmax
Attention across all model scales. Specifically, MAViT-B
achieves 55.5AP? and 48.0AP™, which even surpass the
larger CSwin-B (53.9AP" and 46.4AP™) under the frame-
work of Cascade Mask R-CNN.

4.3. Semantic Segmentation

Settings. Follow previous works [18, 37, 46], we adopt
SemanticFPN [29] and UperNet [54] to evaluate our mod-
els. For SemanticFPN, we train the models for 80K itera-
tions [51, 52], while for UperNet, we train them for 160K

-\ —-®- MAViT(ours)
\\ -®- Vmamba(NeurIPS2024)
524 N RMT(CVPR2024)
AN —-»-  MogaNet(ICLR2024)
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Figure 6. Comparison of general backbones’ inference speed on
high resolution task (semantic segmentation with UperNet, reso-
Iution 512 x 2048). The inference speed are measured on A100,
batch size 1.

iterations. The batch sizes are set to 16 for all models. The
input images are cropped to 512 x 512.

Results. We present the results in the Tab. 5. MAVIT
surpasses other models across various sizes. Specifically,
MAVIT-B achieves 52.8 mloU under the framework of
UperNet, which surpasses larger MILA. MAViIT-L can even
achieve 53.6 mloU.

4.4. Inference Efficiency

Settings. To thoroughly assess the inference efficiency of
MAVIT, we evaluate its performance on both low-resolution
task (image classification with a resolution of 224 x 224)
and high-resolution task (semantic segmentation with a res-
olution of 512 x 2048). For the low-resolution task, we
measure model throughput using a batch size of 64. For
the high-resolution task, we evaluate the frame per second
(FPS) performance with a batch size of 1.

Results. The results are presented in Fig. 5 and Fig. 6.
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Backbone Type |Params FLOPs Mask R-CNN 1x Params FLOPs RetinaNet 1 x
M) (G) |AP® AP}, APY AP™ APR APZ| M) (G) |AP® APY, APY AP APY AP}
PVTv2-BI [52] Trans | 33 243 | 418 543 459 388 612 416 | 23 225 412 619 439 254 445 543
MPVIT-XS [30] Trans | 30 231 |442 667 484 404 634 434 | 20 211 |43.8 650 47.1 28.1 47.6 565
FAT-B2 [11] 33 215 452 | 679 49.0 413 64.6 440 23 196 440 | 652 472 275 477 588
MSVmamba-M [45] | Mamba | 32 201 |43.8 658 477 399 629 429 | - - - - - -
MAVIT-T Linear | 33 219 |47.6 69.5 525 429 66.5 464 | 24 201 45.6 66.7 489 289 49.7 61.1
CMT-S [18] Trans | 45 249 | 446 66.8 489 407 639 434 | 44 231 |443 655 475 271 483 59.1
FAT-B3 [11] 49 - 476 |69.7 523 431 664 462 39 - 459 669 495 293 50.1 609
RMT-S [13] Trans | 46 262 |49.0 70.8 539 439 67.8 474 | 36 244 | 478 69.1 51.8 321 51.8 635
VMamba-T [36] |Mamba| 50 271 | 473 693 520 427 664 459 | - - - - - -
MILA-T [22] Linear | 44 255 |46.8 695 515 421 664 450 | - - - - - - - -
MAViT-S Linear | 44 262 502 717 553 447 687 479 | 34 244 483 694 522 318 526 64.0
CSWin-S [8] Trans | 54 342 | 479 701 526 432 671 462 | - - - - - - - -
STViT-B [27] Trans | 70 359 | 497 71.7 547 448 689 487 - - - - - - - -
MSVmamba-S [15] |Mamba | 70 349 | 481 70.1 528 432 673 465 - - - - - - - -
SOFT++-medium [40] | Linear | 69 342 | 466 67.8 512 420 648 452 | 59 322|443 647 474 290 482 599
MLLA-S [22] Linear | 63 319 | 492 715 539 442 685 472 | - - - - - - - -
MAViT-B Linear | 67 372 |517 733 570 461 706 501 | 57 353 499 711 538 337 545 655
Internlmage-B [53] | CNN | 115 501 |48.8 709 540 440 678 474 | - - - - - - - -
MPViT-B [30] Trans | 95 503 |482 700 529 435 67.1 468 | 85 482 |47.0 684 508 294 513 61.5
RMT-L [13] Trans | 114 557 |51.6 73.1 565 459 703 498 | 104 537 |494 706 53.1 342 539 652
MILA-B [22] Linear | 115 502 |50.5 72.0 554 450 693 486 | - - - - - - - -
MAViT-L Linear | 114 501 |525 73.6 57.8 465 71.0 50.6 | 104 482 50.6 71.7 549 341 553 65.6
Table 4. Comparison to other backbones with “1x” schedule.
Semantic FPN 80K Upernet 160K ‘LMBT PIQ AT HellaT WinoT
Model Type |Params FLOPs mloU|Params FLOPs mIoU,g
™M G @ ™M G (P Transformer [50]| 31.0 63.3 340 504
VAN-B1 [19] CNN | 18 140 429 - - - RetNet [47] 28.6 63.5 33.5 52.5
PVTv2-B1 [52] Trans 18 136 425 - - -
RMT-T [13] s | 17 136 464l - B B GLA [55] 303 648 345 514
MSVmamba-M [45]Mamba| - - - | 42 875 451 Mamba [15] 30.6 650 354 50.1
MAVIT-T Linear| 18 136 47.6| 44 893 484
MALA | 31.0 650 345 519
MogaNet-S [32] | CNN | 29 189 47.7| 55 946 492
SMT-S [34] Trans - - - 50 935 49.2 Table 6. MALA in NLP.
RMT-S [13] Trans | 30 180 494 | 56 937 498
Vmamba-T [36] |Mamba| - - - 62 949 479 .
FI-Swin-T [20] |Linear| - -~ | 60 946 448 4.5. Natural Language Processing
MAVIiT-S Linear| 28 180 50.7| 55 937 51.0 ) . . .
MogaNewB [32] | CNN 1050 0. Settings. Following previous works, we train the 0.3B
ogaNet-B |- - — _ ]
RMTB [13] Teans | 57 204 504| 83 1051 520 MALA based model on 15B tokens, and evaluate the model
Vmamba-S [36] |Mamba| — - - 82 1028 506 on several commonly used benchmarks.
FLi\iXi?'_TS]EO] ']:?“ear . 33 iggg 45‘2'11; Results. We show the results in the Tab. 6. In the four com-
11- imear o o .
; monly used benchmarks (LMB, PIQA, Hella, and Wino),
MogaNet-L [32] | CNN | - - - | 113 1176 509 o
CSWin-B[8] | Trans | 81 464 499 109 1222 5l.1 our MALA exhibits strong performance.
SGFormer-B [16] | Trans | 81 475 50.6| 109 1304 520 .y
RMT-L [13] Trans | 98 482 514 125 1241 528 4.6. Speech Recognition
Vmamba-B [36] |Mamba| — - - | 122 1170 510 ) . L.
MILA-B [22] |Linear| - _ ~ | 128 1183 519 Settings. Our evaluation on speech recognition is based on
MAVIT-L Linear| 98 424 52.8| 125 1182 53.6 the previous Conformer [17]. We replace the Softmax At-

Table 5. Comparison with the state-of-the-art on ADE20K.

Fig. 5 illustrates the inference efficiency of different mod-
els on the low-resolution task, where MAVIT achieves the
best balance between throughput and accuracy. Similarly,
for high-resolution tasks, the results in Fig. 6 further high-
light MAViT’s superior efficiency. This demonstrates that
MALA not only has a significantly lower theoretical com-
plexity than Softmax Attention but also achieves high infer-
ence speed in practice.

tention in the Conformer with 1) vanilla Linear Attention
and 2) our MALA. All training settings are the same as Con-
former.

WER Without LM WER With LM
Model Params
testclean] testother] testclean] testother|
Conformer(S) 10.3 ‘ 2.7 6.3 2.1 5.0
Linear Attn  10.3 34 10.2 2.6 7.3
MALA 10.3 24 5.3 1.9 4.2

Table 7. MALA in speech recognition.
Results. We show the results in Tab. 7. The results demon-
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strate that MALA perform better than Softmax Attention
and vanilla Linear Attention.

4.7. Image Generation

Settings. Following previous works [1, 2, 41], we train the
models for 400K iterations with the batch size of 256 and
learning rate of le-4.

Model ‘ FLOPs ThroughputT‘FIDi ISt
DiT-S/2(400K) [41] | 250x6.06G ~ 4.9imgs/s |68.40 —
DiG-S/2(400K) [58][250x4.30G  3.8imgs/s [62.06 22.81
DiC-S/2(400K) [48]|250%5.90G - 58.68 25.82

MALA (400K) ‘250><4.26G 5.6imgs/s ‘49.62 32.18
Table 8. MALA for diffusion.

Results. We show the results in Tab. 8. Compare to other
methods based on ConvNet/Transformer, our model based
on MALA exhibits better performance and faster speed,
which demonstrate the superiority of MALA.

4.8. Ablation Study

Comparison with Other Linear Attentions. To ensure a
fair comparison with previous state-of-the-art Linear Atten-
tion mechanisms, we adopt three model settings: DeiT-T,
Swin-T, and Swin-S. Under these settings, we replace all in-
stances of Softmax Attention with our proposed Magnitude-
Aware Linear Attention while keeping all other components
unchanged to maintain absolute fairness. The results are
presented in Tab. 9. From the results, we observe that
MALA achieves a significant improvement over previous
linear attention mechanisms. Specifically, under the Swin-
S setting, MALA outperforms InLine Attention by +1.7 in
accuracy.

Kernel Function. In MAVIT, we employ ¢(.) = ELU(.)+1
as the kernel function to ensure the non-negativity of ¢(Q)
and ¢(K). To evaluate the impact of the kernel function,
we conduct ablation studies based on MAViT-T. The results
are presented in Tab. 10. Our MALA is not sensitive to the
choice of kernel function, as almost any non-negative kernel
function can achieve comparable performance.

[ and 7. 3 and -y are the core design elements of our model,
endowing MALA with outstanding properties. We conduct
ablation studies on these two parameters, and the results
are presented in Tab. 11. We separately remove 3 and ~,
leading to a sharp decline in model performance, with some
cases even resulting in NaN values. We also replace 8 and
~ with learnable parameters, and the model’s performance
significantly deteriorates.

5. Conclusion

In this paper, we observe that the attention scores of Soft-
max Attention and Linear Attention exhibit distinct varia-
tion patterns as the magnitude of the Query (Q or ¢(Q))

Linear Attention | Params(M) FLOPs(G) | Topl-acc(%)

Comparison on DeiT-T Setting

DeiT-T [49] 6 1.1 72.2
Hydra Attn [3] 6 1.1 68.3
Efficient Attn [44] 6 1.1 70.2
Linear Angular Attn [56] 6 1.1 70.8
Enhanced Linear Attn [4] 6 1.1 72.9
Focused Linear Attn [20] 6 1.1 74.1
InLine Attn [21] 7 1.1 74.5
Magnitude-Aware Linear Attn 6 1.1 75.1
Comparison on Swin-T Setting
Swin-T [37] 29 4.5 81.3
Hydra Attn [3] 29 4.5 80.7
Efficient Attn [44] 29 4.5 81.0
Linear Angular Attn [56] 29 4.5 79.4
Enhanced Linear Attn [4] 29 4.5 81.8
Focused Linear Attn [20] 29 4.5 82.1
InLine Attn [21] 30 4.5 82.4
Magnitude-Aware Linear Attn 29 4.5 83.7
Comparison on Swin-S Setting
Swin-S [37] 50 8.7 83.0
Focused Linear Attn [20] 51 8.7 83.5
InLine Attn [21] 50 8.7 83.6
Magnitude-Aware Linear Attn 50 8.7 85.3

Table 9. Comparison of different Linear Attentions based on DeiT-
T, Swin-T, and Swin-S. MALA surpasses others by a large margin.

¢(.) | Elu()+1 ReLU(.) exp(.)
Acc(%) 82.9 82.8 82.9
mloU 47.6 47.7 47.4

Table 10. Effect of different kernel functions.

Model | Acc(%) AP" AP™ mloU
MAVIT-T | 829 476 429 476

wlo 3 523 246 187 222

w/o y NaN - - -
Learnable 71.7 343 318 319

Table 11. Effect of 5 and ~.

changes. From a formulation perspective, we analyze the
underlying cause of this behavior and design Magnitude-
Aware Linear Attention (MALA), which ensures that the
attention scores of Linear Attention display a variation pat-
tern similar to, yet more reasonable than, that of Softmax
Attention. Based on MALA, we construct the Magnitude-
Aware Vision Transformer (MAViT) and perform extensive
experiments, which demonstrate the superior performance
and high efficiency of MALA.
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