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Abstract

Transformers have achieved success in both language and vision domains. However,1

it is prohibitively expensive to scale them to long sequences such as long docu-2

ments or high-resolution images, because self-attention mechanism has quadratic3

compute time and memory complexities with respect to the input sequence length.4

In this paper, we propose Long-Short Transformer (Transformer-LS), an efficient5

transformer architecture for modeling long sequences with linear complexity for6

both language and vision. It aggregates a novel long-range attention with dynamic7

projection to model distant correlations and a short-term attention to capture fine-8

grained local correlations. We propose a dual normalization strategy to account9

for the scale mismatch between the two attention mechanisms. Long-Short Trans-10

former can be applied to both autoregressive and bidirectional models without11

additional complexity. Our method outperforms the state-of-the-art models on12

multiple tasks in language and vision domains, including the Long Range Arena13

benchmark, autoregressive language modeling, and ImageNet classification. For14

instance, Transformer-LS achieves 0.97 test BPC on enwik8 using half the number15

of parameters than previous state-of-the-art method, while being faster and is able16

to handle 3⇥ as long sequences compared to its full-attention version on the same17

hardware. On ImageNet, it improves the accuracies of a state-of-the-art model with18

full attention, while being more scalable to high-resolution images.19

1 Introduction20

Transformer-based models [1] have achieved great success in the domains of natural language21

processing (NLP) [2, 3] and computer vision [4–6]. These models benefit from the self-attention22

module, which can capture both adjacent and long-range correlations between tokens while efficiently23

scaling on modern hardware. However, the time and memory consumed by self-attention scale24

quadratically with the input length, making it very expensive to process long sequences Many25

language and vision tasks benefit from modeling long sequences. In NLP, document-level tasks26

require processing long articles [e.g., 7, 8], and the performance of language models often increases27

with sequence length [e.g., 9, 10]. In computer vision, many tasks involve high-resolution images,28

which are converted to long sequences of image patches before being processed with Transformer29

models [4, 6, 11]. As a result, it is crucial to design an efficient attention mechanism for long sequence30

modeling that generalizes well across different domains.31

Various methods have been proposed to reduce the quadratic cost of full attention, however, an32

efficient attention mechanism that generalizes well in both language and vision domains is less33

explored. One family of methods is to sparsify the attention matrix with predefined patterns such34

as sliding windows [e.g., 12–15] and random sparse patterns [16]. These methods leverage strong35

inductive biases to improve both computational and model performance, but they limit the capacity36

of a self-attention layer because each specific token can only attend to a subset of tokens. Another37

Submitted to 35th Conference on Neural Information Processing Systems (NeurIPS 2021). Do not distribute.



family of methods leverages low-rank projections to form a low resolution representation of the input38

sequence, but the successful application of these methods has been limited to certain NLP tasks [e.g.,39

17–19]. Unlike sparse attention, this family of methods allows each token to attend to the entire40

input sequence. However, due to the loss of high-fidelity token-wise information, their performance41

sometimes is not as good as full attention or sparse attention on tasks that require fine-grained local42

information, including standard benchmarks in language [20] and vision [21].43

Despite the rapid progress in efficient Transformers, some proposed architectures can only be applied44

to bidirectional models [e.g., 15, 16, 18]. Transformer-based autoregressive models have achieved45

great successes in language modeling [22], image synthesis [23], and text-to-image synthesis [24],46

which also involve long text or high-resolution image. It is desirable to design an efficient transformer47

that can be applied to both autoregressive and bidirectional models.48

In this work, we unify a local window attention and a novel long-range attention into a single efficient49

attention mechanism. We show that these two kinds of attention have complementary effects that50

together yield strong results on a range of tasks in language and vision, for both autoregressive and51

bidirectional models.52

Summary of our contributions:53

• We propose Long-Short Transformer, an efficient Transformer that integrates a dynamic projec-54

tion based attention to model long-range correlations, and a local window attention to capture55

fine-grained correlations. Long-Short Transformer can be applied to both autoregressive and56

bidirectional models with linear time and memory complexity.57

• We compute a dynamic low-rank projection, which depends on the content of input sequence.58

In contrast to previous low-rank projection methods, our dynamic projection method is more59

flexible and robust to semantic-preserving positional variations (e.g., insertion, paraphrasing). We60

demonstrate that it outperforms previous low-rank methods on Long Range Arena benchmark.61

• We identify a scale mismatch problem between the embeddings from the long-range and short-62

term attentions, and design a simple but effective dual normalization strategy, termed DualLN, to63

account for the mismatch and enhance the effectiveness of the aggregation.64

• We demonstrate that Long-Short Transformer, despite its low memory and runtime complexity,65

outperforms the state-of-the-art models on a set of tasks from Long Range Arena, and autore-66

gressive language modeling on enwik8 and text8. In addition, the proposed efficient attention67

mechanism directly improves the accuracies of a state-of-the-art vision transformer with full68

attention, while being more scalable to high-resolution images. We also investigate the robustness69

properties of the Long-Short Transformer on diverse ImageNet datasets.70

2 Related Work71

2.1 Efficient Transformers72

In recent years, many methods have been introduced for dealing with the quadratic cost of full atten-73

tion. In general, they can be categorized as follows: i) Sparse attention mechanism with predefined74

patterns (e.g., sliding window), including Sparse Transformer [12], Image Transformer [13], Axial75

Transformer [25] for modeling images, and Longformer [14], blockwise self-attention [26], ETC [15],76

Big Bird [16] for modeling language. ii) Low-rank projection attention, including Linformer [17],77

Nyströmformer [18], Synthesizer [19]. For example, Linformer uses linear layers to project the78

original high resolution keys (K) and values (V ) with length n to low resolution with size k (k ⌧ n)79

and allows all query tokens (Q) to attend these compressed representations. iii) Memory-based80

mechanisms like Compressive Transformer [10] and Set Transformer [27], which use extra mem-81

ories for caching global long-range information for use in computing attention between distant82

tokens. iv) Kernel-based approximation of the attention matrix, including Performer [28], Linear83

Transformer [29], and Random Feature Attention [30]. vi) Similarity and clustering based methods,84

including Reformer [31], Routing Transformer [32], and Sinkhorn Transformer [33].85

Our method seamlessly integrates low-rank projection and local window attentions, and leverages86

their strengths for modeling long-range and short-term correlations, respectively. In particular,87

our long-range attention uses a dynamic low-rank projection to encode the input sequence, and88

outperforms the previous low-rank projection method used by the Linformer [17]. In the similar89
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vein, there are a few other methods that try to combine the strengths of different methods. For90

example, Longformer [14] and ETC [15] augment local window attention with task motivated global91

tokens. Such global tokens may not be applicable for some tasks (e.g., autoregressive modelling).92

BigBird [16] further combines local window and global token attention with random sparse attention.93

It is not applicable in autoregressive tasks because the global token and random sparse pattern are94

introduced. To compress the model footprint on edge devices, Lite Transformer [34] combines95

convolution and self-attention, but it still has quadratic complexity for long sequences.96

2.2 Vision Transformers97

Vision Transformer (ViT) [4] splits images as small patches and treats the patches as the input98

word tokens. It uses a standard transformer for image classification and has shown to outperform99

convolution neural networks (e.g., ResNet [35]) with sufficient training data. DeiT [36] has applied100

the teacher-student strategy to alleviate the data efficiency problem of ViT and has shown strong101

comparable performance using only the standard ImageNet dataset [37]. Instead of applying trans-102

former at a single low resolution of patches (e.g., 16 ⇥ 16 patches), very recent works, including103

Pyramid Vision Transformer (PVT) [5], Swin-Transformer [38], T2T-ViT [39], Vision Longformer104

(ViL) [11] and Convolutional Vision Transformer (CvT) [6], stack a pyramid of ViTs to form a105

multi-scale architecture and model long sequences of image patches at much higher resolution (e.g.,106

56⇥ 56 = 3136 patches for images with 224⇥ 224 pixels).107

Most of previous methods have quadratic complexity of self-attention with respect to the input image108

size. Swin-Transformer [38] achieves linear complexity by limiting the computation of self-attention109

only within each local window. Perceiver [40] uses cross-attention between data and latent arrays to110

replace the self-attention on data, thus removing the quadratic complexity bottleneck. HaloNet [41]111

applies local attention on blocked images and only has quadratic complexity with respect to the size112

of the block. Vision Longformer (ViL) [11], another concurrent work, achieves linear complexity113

by adapting the Longformer [14] from the NLP domain. The approach augments local window114

attention with task motivated global tokens, but is not applicable for decoding task (e.g., image115

synthesis [23, 24]). In contrast, our method reduces the quadratic cost to linear cost by combining116

local window attention with global dynamic projection attention, which can be applied to any vision117

transformer architecture for both encoding and decoding tasks.118

3 Long-Short Term Attention119

Transformer-LS approximates the full attention by aggregating long-range and short-term attentions,120

while maintaining its ability to capture correlations between all input tokens. In this section, we first121

introduce the preliminaries of multi-head attention in Transformer. Then, we present the short-term122

attention via sliding window, and long-range attention via dynamic projection, respectively. After123

that, we propose the aggregating method and dual normalization (DualLN) strategy.124

3.1 Preliminaries and Notations125

Multi-head attention is a core component of the Transformer [1], which computes contextual represen-126

tations for each token by attending to the whole input sequence at different representation subspaces.127

It is defined as128

MultiHead(Q,K, V ) = Concat(H1, H2, ..., Hh)W
O, (1)

where Q,K, V 2 Rn⇥d are the query, key and value embeddings, WO 2 Rd⇥d is the projection129

matrix for output, the i-th head Hi 2 Rn⇥dk is the scaled dot-product attention, and dk = d/h is the130

embedding dimension of each head,131

Hi = Attention(QWQ

i
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i
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p
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where WQ

i
,WK

i
,WV

i
2 Rd⇥dk are learned projection matrices, and Ai 2 Rn⇥n denotes the full132

attention matrix for each attention head. The complexity of computing and storing Ai is O(n2),133

which can be prohibitive when n is large. For simplicity, our discussion below is based on the case of134

1D input sequences. It is straightforward to extend to the 2D image data given a predetermined order.135

3



3.2 Short-term Attention via Segment-wise Sliding Window136

Local context is indispensable for the feature representation. We use the simple yet effective sliding137

window attention to capture fine-grained local correlations. In other words, each query attends138

to nearby tokens within a fixed-size neighborhood. Similar techniques have also been adopted139

in [14, 16, 11]. Specifically, we divide the input sequence into disjoint segments with length w. All140

tokens within a segment attend to all tokens within its home segment, as well as w/2 consecutive141

tokens on the left and right side of its home segment,1 resulting in an attention span over a total of 2w142

key-value pairs. For each query Qt at the position t within the i-th head, we denote the 2w key-value143

pairs within its window as K̃t, Ṽt 2 R2w⇥d. For implementation with the current frameworks, this144

segment-wise sliding window attention is faster than the per-token sliding window attention where145

each token attends to itself and w tokens to its left and right, and its memory consumption scales146

linearly with sequence length; see [14, 16] and our Figure 2 for more details.147

The sliding window attention can be augmented to capture long-range correlations in part, by148

introducing different dilations to different heads of sliding window attention [14]. However, the149

dilation configurations for different heads need further tuning and an efficient implementation of150

multi-head attention with different dilations is non-trivial. A more efficient alternative is to augment151

sliding window attention with random sparse attention [16], but this does not guarantee that the152

long-range correlations are captured in each layer as in full attention. In the following section, we153

propose our long-range attention to address this issue.154

3.3 Long-range Attention via Dynamic Projections155

Previous works have shown that the self-attention matrix can be well approximated by the product of156

low-rank matrices [17]. By replacing the full attention with the product of low-rank matrices [42, 19,157

18, 43, 28], each query is able to attend to all tokens. Linformer [17] is one of the most representative158

models in this category. It learns a fixed projection matrix to reduce the length of the keys and values,159

but the fixed projection is inflexible to semantic-preserving positional variations.160

Starting from these observations, we parameterize the dynamic low-rank projection at i-th head as161

Pi = f(K) 2 Rn⇥r, which depends on all the keys K 2 Rn⇥d of input sequence. It projects the162

(n⇥ dk)-dimensional key embeddings KWK

i
and value embeddings VWV

i
into shorter, (r ⇥ dk)-163

dimensional key K̄i and value V̄i embeddings. Unlike Linformer [17], the low-rank projection matrix164

is dynamic, which depends on the input sequence and is intended to be more flexible and robust to,165

e.g., insertion, deletion, paraphrasing, and other operations that change sequence length. Note that,166

the query embeddings QWQ

i
2 Rn⇥dk are kept at the same length, and we let each query attend to167

K̄i and V̄i. In this way, the full (n⇥ n) attention matrix can be decomposed into the product of two168

matrices with r columns or rows. Specifically, we define the dynamic projection matrix Pi 2 Rn⇥r169

and the key-value embeddings K̄i, V̄i 2 Rr⇥dk of low-rank attention as170

Pi = softmax(KWP

i
), K̄i = P |

i
KWK

i
, V̄i = P |

i
VWV

i
, (3)

where WP

i
2 Rd⇥r are learnable parameters,2 and the softmax normalizes the projection weights171

on the first dimension over all n tokens, which stabilizes training in our experiments. Note that172

K = V in all the experiments we have considered, so Pi remains the same if it depends on V . The173

computational complexity of Eq. 3 is O(rn).174

To see how the full attention is replaced by the product of low-rank matrices, we compute each head175

Hi 2 Rn⇥dk of long-range attention as,176

H̄i = softmax

"
QWQ

i
K̄|

ip
dk

#

| {z }
Āi

V̄i = Āi

�
P |
i
VWV

i

�
, (4)

so the full attention is now replaced with the implicit product of two low-rank matrices Āi 2 Rn⇥r177

and P |
i
2 Rr⇥n, and the computational complexity is reduced to O(rn). Note the effective attention178

1We use zero padding for the first and last segment.
2For the CvT-based vision transformer model, we replace WP

i with a depth-wise separable convolution, just
as its query, key and value projections.
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Figure 1: Left: Ratios of the average `2 norms of the local window to global low-rank key/value
embeddings at initialization. Without DualLN, the sparse and low-rank embeddings have a magnitude
mismatch. With DualLN, the ratios will be 1.0 at every layer, which will facilitate optimization.
Right: The validation loss of Transformer-LS with and without DualLN on enwik8 and text8.

weights of a query on all tokens still sum to 1. Our global attention allows each query to attend to all179

token embeddings within the same self-attention layer. In contrast, the sparse attention mechanisms180

need stack multiple layers to build such correlations [14, 16].181

Application to Autoregressive Models: In autoregressive models, each token can only attend to182

the previous tokens, so the long-range attention should have a different range for different tokens. A183

straightforward way to implement our global attention is to update K̄i, V̄i for each query recurrently,184

but this requires re-computing the projection in Eq. (3) for every token due to the nonlinearity of185

softmax, which results in O(rn2) computational complexity. To preserve the linear complexity, for186

autoregressive models, we first divide the input sequence into equal-length segments with length l,187

and apply our dynamic projection to extract K̄i, V̄i from each segment. Each token can only attend to188

K̄i, V̄i of segments that do not contain its future tokens. Formally, let Qt be the query at position t,189

K(l�1)s:ls, V(l�1)s:ls be the key-value pairs from the s-th segment, and st = bt/lc. For autoregressive190

models, we compute the long-range attention of Qt by attending to Ki,t, Vi,t, defined as191

K̄i,t = [P |
i,1K1:l; ...;P

|
i,st

K(l�1)st:lst ]W
K

i
, V̄i,t = [P |

i,1V1:l; ...;P
|
i,st

V(l�1)st:lst ]W
V

i
. (5)

In this way, the dynamic low-rank projection is applied to each segment only once in parallel,192

preserving the linear complexity and the high training speed. By comparison, Random Feature193

Attention [30] is slow at training due to the requirement for recurrence.194

3.4 Aggregating Long-range and Short-term Attentions195

To aggregate the local and long-range attentions, instead of adopting different attention mechanisms196

for different heads [12, 14, 34], we let each query at i-th head attend to the union of keys and197

values from the local window and global low-rank projections, thus it can learn to select important198

information from either of them. We find this aggregation strategy works better than separating the199

heads in our initial trials with the autoregressive language models. Specifically, for the i-th head,200

we denote the global low-rank projected keys and values as K̄i, V̄i 2 Rr⇥dk , and the local keys and201

values as K̃t, Ṽt 2 R2w⇥d within the local window of position t for the query Qt. Then the i-th202

attention Hi,t at position t is203

Hi,t = softmax

2

4
QtW

Q

i

h
K̃tWK

i
; K̄i

i|

p
dk

3

5 [ṼtW
V

i
; V̄i]. (6)

where [· ; ·] denotes concatenating the matrices along the first dimension. Furthermore, we find a scale204

mismatch between the initial norms of K̃tWK

i
and K̄i, which biases the attention to the local window205

at initialization for both language and vision tasks. We introduce a normalization strategy (DualLN)206

to align the norms and improve the effectiveness of the aggregation in the following.207

DualLN: For Transformers with Layer Normalization (LN) (see [44] for an illustration), the Ki, Vi208

embeddings are the outputs of LN layers, so they have zero mean and unit variance at initialization.209

The `2 norm of vectors with zero-mean entries is proportional to their variance in expectation. We210
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note a weighted average will reduce the variance and therefore the norm of such zero-mean vectors.211

As a result, the embedding vectors from low-rank attention in the weighted average K̄i, V̄i of Eq. (3)212

will have smaller norms than the regular key and value embeddings from sliding window attention (see213

Figure 1 Left for an illustration). This scale mismatch causes two side effects. First, the inner product214

QtW
Q

i
K̄|

i
from local-rank component tends to have smaller magnitude than the local window one,215

thus the attention scores on long-range attention is systematically smaller. Second, the key-value216

pairs K̄i, V̄i for the low-rank attention will naturally have less impact on the direction of Hi even217

when low-rank and local window are assigned with same attention scores, since V̄i has smaller norms.218

Both effects lead to small gradients on the low-rank components and hinders the model from learning219

to effectively use the long-range correlations.220

To avoid such issues, we add two sets of Layer Normalizations after the key and value projections for221

the local window and global low-rank attentions, so that their scales are aligned at initialization, but222

the network can still learn to re-weight the norms after training. Specifically, the aggregated attention223

is now computed as224

Hi,t = softmax

2

4
QtW

Q

i

h
LNL(K̃tWK

i
);LNG(K̄i)

i|

p
dk

3

5 [LNL(ṼtW
V

i
);LNG(V̄i)], (7)

where LNL(·),LNG(·) denote the Layer Normalizations for the local and global attentions respec-225

tively. As illustrated in Figure 1 Right, the Transformer-LS models trained with DualLN has226

consistently lower validation loss than the models without DualLN.227

4 Experiments228

In this section, we demonstrate the effectiveness and efficiency of our method in both language and229

vision domains. We use PyTorch for implementation and count the FLOPs using fvcore [45].230

4.1 Long Range Arena231

To evaluate Long-Short Transformer as a bidirectional encoder for long text, we follow the setting232

of Peng et al. [30] and Tay et al. [46] and select the three NLP tasks from the recently proposed Long233

Range Arena (LRA) benchmark [20]. As we will evaluate our method on the ImageNet dataset in the234

following section, we do not evaluate our method on the other two vision tasks from the LRA as they235

are relatively small and synthetic datasets. We compare our method with the following three tasks:236

• ListOps. ListOps [47] is designed to measure the parsing ability of models through hierarchically237

structured data. We follow the setting in [20] in which each instance contains 500-2000 tokens.238

• Text. This is a binary sentiment classification task of predicting whether a movie review from239

IMDb is positive or negative [48]. Making correct predictions requires a model to reason with240

compositional unsegmented char-level long sequences with a maximum length of 4k.241

• Retrieval. This task is based on the ACL Anthology Network dataset [49]. The model needs to242

classify whether there is a common citation between a pair of papers, which evaluates the model’s243

ability to encode long sequences for similarity-based matching. The max sequence length for244

each byte-level document is 4k and the model processes two documents in parallel each time.245

For a fair comparison, we use the PyTorch implementation and the same data preprocessing/split,246

training hyperparameters and model size from [18], except for Retrieval where we accidentally used247

more warmup steps and improved the results for all models. See Appendix B for more details.248

Results. Comparisons with other models are given in Table 1. Transformer-LS (best) with the best249

configurations of w, r for each task are given in Table 5 in Appendix B. We also report the results250

of using fixed hyperparameter w = 8, r = 32 on all tasks. Overall, our Transformer-LS (best) is251

significantly better than other efficient Transformers, and the model with w, r = 8, 32 performs252

favorably while using only about 50% to 70% computation compared to other efficient Transformers253

on all three tasks. The advantage of aggregating local and long-range attentions is the most significant254

on ListOps, which requires the model to understand the tree structures involving both long-term255

and short-term relations. On Retrieval, where document-level encoding capability is tested, we find256

our global attention more effective than window attention. The test accuracy of using only dynamic257

projection is about 10% higher than Linformer on Text (i.e., 66.28 vs. 56.12), which has the highest258
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Table 1: Accuracy (%) and FLOPs (G) on Long Range Arena (LRA), with the model configs
annotated (see Table 5 for more). All results are averages of 4 runs with different random seeds.

ListOps Text Retrieval Average

Model Acc. FLOPs Acc. FLOPs Acc. FLOPs Acc.

Full Attention [1] 37.13 1.21 65.35 4.57 82.30 9.14 61.59
Reformer [31] (2) 36.44 0.27 64.88 0.58 78.64 1.15 59.99
Linformer [17] (k=256) 37.38 0.41 56.12 0.81 79.37 1.62 57.62
Performer [28] (r = 256) 32.78 0.41 65.21 0.82 81.70 1.63 59.90
Nyströmformer [18] (l = 128) 37.34 0.61 65.75 1.02 81.29 2.03 61.46
Transformer-LS (w, r = 8, 32) 37.50 0.20 66.01 0.40 81.79 0.80 61.77

Dynamic Projection (best) 37.79 0.15 66.28 0.69 81.86 2.17 61.98
Transformer-LS (best) 38.36 0.16 68.40 0.29 81.95 2.17 62.90

Figure 2: Running time and memory consumption of Transformer-XL (full attention) and our Transformer-
LS on Char-LM. We increase the sequence length until we use up the 32GB of memory on a V100 GPU.
Transformer-LS is the same smaller model in Table 2. We use dashed lines to represent the full attention
Transformer and solid lines to represent our model. We use different colors to represent different batch sizes.

variance in sequence length. This demonstrates the improved flexibility of dynamic projection at259

learning representations for data with high variance in sequence length, compared to the learned but260

fixed projection of Linformer. Similarly, Linformer, Nyströmformer and our model outperform full261

attention on ListOps, indicating they may have better inductive bias, and efficient Transformers can262

have better efficacy beyond efficiency.263

4.2 Autoregressive Language Modeling264

We compare our method with other efficient transformers on the character-level language modeling265

where each input token is a character.266

Setup. We train and evaluate our model on enwik8 and text8, each with 100M characters and267

are divided into 90M, 5M, 5M for train, dev, test, following [50]. Our smaller 12-layer and larger268

30-layer models are Pre-LN Transformers with the same width and depth as Longformer [20], except269

that we add relative position encoding to the projected segments in each layer. We adopt the cache270

mechanism of Transformer-XL [9], setting the cache size to be the same as the input sequence length.271

We follow similar training schedule as Longformer, and train our model in 3 phases with increasing272

sequence lengths. The input sequence lengths are 2048, 4096 and 8192 respectively for the 3 phases.273

By comparison, Longformer trains their model in 5 phases on GPUs with 48GB memory (The274

maximal of ours is 32GB) where the sequence length is 23,040 in the last phase. The window size of275

Longformer increases with depth and its average window size is 4352 in phase 5, while our effective276

number of attended tokens is 1280 on average in the last phase. Each experiment takes around 8 days277

to finish on 8 V100 GPUs. Detailed hyperparameters are shown in Appendix C. For testing, same as278

Longformer, we split the dataset into overlapping sequences of length 32K at a step size of 512, and279

evaluate the BPCs for predicting the next 512 tokens given the previous 32K characters.280

Results Table 2 shows comparisons on text8 and enwik8. Our method has achieved state-of-the-art281

results. On text8, we achieve a test BPC of 1.09 with the smaller model. On enwik8, our smaller282

model achieves a test BPC of 0.99, and outperforms the state-of-the-art models with comparable283

number of parameters. Our larger model obtains a test BPC of 0.97, on par with the Compressive284

Transformer with 2⇥ parameters. Our results are consistently better than Longformer which is trained285

on longer sequences with 5 stages and 48 GPU memory. In Figure 2, we show our model is much286

more memory and computational efficient than full attention.287
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Table 2: BPC (#) of smaller models on enwik8 and text8 (left), and larger models on enwik8 (right).

Method #Param text8 enwik8
Dev Test Dev Test

T12 [51] 44M - 1.18 - 1.11
Transformer-XL [9] 41M - - - 1.06
Reformer [31] - - - - 1.05
Adaptive [52] 38M 1.05 1.11 1.04 1.02
BP-Transformer [53] 38M - 1.11 - 1.02
Longformer [20] 41M 1.04 1.10 1.02 1.00

Transformer-LS 44M 1.03 1.09 1.01 0.99

Method #Param Test BPC

Transformer-XL [9] 88M 1.03
Transformer-XL [9] 277M 0.99
Routing [32] 223M 0.99
Longformer [14] 102M 0.99
Sparse [12] 95M 0.99
Adaptive [52] 209M 0.98
Compressive [10] 227M 0.97

Transformer-LS 110M 0.97

Table 3: Test accuracies on ImageNet, ImageNet Real [54], and ImageNet V2 [55] of models trained on
ImageNet-1K. CvT⇤-LS denotes our long-short term attention based on the non-official CvT implementation.

Method Model #Param Image FLOPs ImageNet Real V2
(M) Size (G) top-1 (%) top-1 (%) top-1 (%)

CNN
ResNet-50 25 2242 4.1 76.2 82.5 63.3
ResNet-101 45 2242 7.9 77.4 83.7 65.7
ResNet-152 60 2242 11 78.3 84.1 67.0

Transformer

DeiT-S [36] 22 2242 4.6 79.8 85.7 68.5
DeiT-B [36] 86 2242 17.6 81.8 86.7 70.9
PVT-Small [5] 25 2242 3.8 79.8 - -
PVT-Medium [5] 44 2242 6.7 81.2 - -
PVT-Largee [5] 61 2242 9.8 81.7 - -
ViL-Base-W [14] 79.0 2242 17.5 81.9 - -
ViL-Small [14] 24.6 2242 5.1 82.0 - -
ViL-Medium-W [14] 39.8 2242 11.3 82.9 - -
ViL-Base-D [14] 55.7 2242 13.4 83.2 - -
ViL-Medium-D [14] 39.7 2242 9.1 83.3 - -
CvT-13 [6] 20 2242 6.7 81.6 86.7 70.4
CvT-21 [6] 32 2242 10.1 82.5 87.2 71.3
CvT⇤-LS-13 20.3 2242 4.9 81.9 87.0 70.5
CvT⇤-LS-17 23.7 2242 9.8 82.5 87.2 71.6
CvT⇤-LS-21 32.1 2242 7.9 82.7 87.5 71.9
CvT⇤-LS-21S 30.1 2242 11.3 82.9 87.4 71.7
ViT-B/16 [4] 86 3842 55.5 77.9 - -
ViT-L/16 [4] 307 3842 191.1 76.5 - -
DeiT-B [36] 86 3842 55.5 83.1 - -
CvT-13 [6] 20 3842 31.9 83.0 87.9 71.9
CvT-21 [6] 32 3842 45.0 83.3 87.7 71.9
CvT⇤-LS-21 32.1 3842 23.9 83.2 88.0 72.5
CvT⇤-LS-21 32.1 4482 34.2 83.6 88.2 72.9

4.3 ImageNet Classification288

We train and evaluate the models on the ImageNet dataset with 1.3M images and 1K classes. We289

use CvT [6], a state-of-the art vision transformer architecture, as the backbone and replace its full290

attention with our long-short term attention, denoted as CvT⇤-LS. CvT uses overlapping convolutions291

to extract dense patch embeddings from the input images and feature maps, resulting in a long292

sequence length in the early stages (e.g., 56⇥ 56 = 3136 patches for images with 2242 pixels). Note293

that, our efficient attention mechanism does not depend on the particular architecture, and it can be294

applied to other vision transformers [e.g., 5, 11].295

Setup. We implement the CvT model based on a public repository 3, because this is a concurrent296

work with no official implementation when we conduct this work. In Table 3, since our CvT297

re-implementation gets worse test results than reported ones in their arxiv paper, we still list the298

best test accuracy from Wu et al. [6] for fair comparisons. We report the FLOPs of CvT with our299

implementation for reasonable comparisons, because our CvT⇤-LS implementation is based on that.300

Same as CvT, all the models have three stages where the first stage downsamples the image by a factor301

3https://github.com/rishikksh20/convolution-vision-transformers,
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Table 4: Robustness evaluation on various ImageNet datasets. Top-1/Acc.: Top-1 accuracy. mCE: Mean
Corrupution Error. Mixed-same/Mixed-rand: accuracies on MIXED-SAME/MIXED-RAND subsets.

Model Params ImageNet IN-C [57] IN-A [58] IN-R [59] ImageNet-9 [60]

(M) Top-1 mCE (#) Acc. Acc. Mixed-same Mixed-rand

ResNet-50 [35] 25.6 76.2 78.9 6.2 35.3 87.1 81.6
DeiT-S [36] 22.1 79.8 57.1 19.0 41.9 89.1 84.2
CvT⇤-LS-13 20.3 81.9 58.7 27.0 42.6 90.7 85.6
CvT⇤-LS-21 32.1 82.7 55.2 29.3 45.0 91.5 85.8

of 4 and each of the following stages downsamples the feature map by a factor of 2. CvT⇤-LS-13 and302

CvT⇤-LS-21 have the same configuration as CvT-13 and CvT-21. CvT⇤-LS-17 and CvT⇤-LS-21 are303

our customized models with more layers and higher embedding dimensions in the first two stages304

([3, 4, 10], [3, 4, 14] layers respectively and [128, 256, 768] dimensions). We train the model for 300305

epochs using a peak learning rate of 5e� 4 with the cosine schedule [56] with 5 epochs of warmup.306

We use the same set of data augmentations and regularizations as other works including PVT [5] and307

ViL [11]. Please refer to Appendix D for more details.308

Classification Results. The results are shown in the Table 3, where we also list test accuracies on309

ImageNet Real and ImageNet V2. Except for CvT, we compare with the original ViT [4] and the310

enhanced DeiT [36], PVT [5] that also uses multi-scale stragey, ViL [11] that uses window attention311

and global tokens to improve the efficiency. Training at high-resolution usually improves the test312

accuracy of vision transformer. With our long-short term attention, we can easily scale the training to313

higher resolution, and the performance of CvT⇤-LS also improves. Our best model (CvT⇤-LS-21314

at 4482) achieves 0.3% higher accuracy than the best reported result of CvT while using the same315

amount of parameters and 76% of its FLOPs. In CvT architecture, the spatial dimension of feature316

maps in earlier stages are large, representing more fine-grained details of the image. Similar to317

training with high-resolution images, the model should also benefit from denser feature maps. With318

our efficient long-short term attention, we can better utilize these fine-grained feature maps with less319

concerns about the computational budget. In this way, our CvT⇤-LS-17 achieves better result than320

CvT-21 at resolution 224 using fewer parameters and FLOPs, and our CvT⇤-LS-21S model further321

improves our CvT⇤-LS-21 model.322

Robustness evaluation on Diverse ImageNet Datasets. As vision models have been widely used323

in safety-critical applications (e.g. autonomous driving), their robustness is vital. In addition to324

out-of-distribution robustness (ImageNet-Real and Imageet-v2), we further investigate the robustness325

of our vision transformer against common corruption (ImageNet-C), semantic shifts (ImageNet-R),326

Background dependence (ImageNet-9) and natural adversarial examples (ImageNet-A). We compare327

our methods with standard classification methods, including CNN-based model (ResNet [35]) and328

Transformer-based models (DeiT [36]) with similar numbers of parameters.329

As shown in Table 4, we observe that our method significantly outperforms the CNN-based method330

(ResNet-50). Such results further empirically verify the importance of attention mechanisms for the331

robustness of vision models. Compared to DeiT, our models also achieve favorable improvements.332

These results indicate that the design of different attention mechanisms plays an important role for333

model robustness. It sheds new light on the design of robust vision transformers. More details and334

results can be found in the appendix D.335

5 Conclusion336

In this paper, we introduced Long-Short Transformer, an efficient transformer for long sequence337

modeling for both language and vision domain, including both bidirectional and autoregressive338

models. We design a novel global attention mechanism with linear computational and memory339

complexity in sequence length based on a dynamic projection. We identify the scale mismatch issue340

and propose the DualLN technique to eliminate the mismatch at initialization and more effectively341

aggregate the local and global attentions. We should that our method performs favorably compared to342

state-of-the-art while improving the efficiency of the Transformer models on the Long Range Arena,343

autoregressive language modeling and ImageNet classification. We look forward to extending our344

methods to more domains, including document QA, detection and segmentation on high-resolution345

images. All datasets used in our paper are public available. To the best of our knowledge, the datasets346

do not contain any personally identifiable information.347
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