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Abstract. Vision transformers (ViTs) have become the popular struc-
tures and outperformed convolutional neural networks (CNNs) on vari-
ous vision tasks. However, such powerful transformers bring a huge com-
putation burden, because of the exhausting token-to-token comparison.
The previous works focus on dropping insignificant tokens to reduce the
computational cost of ViTs. But when the dropping ratio increases, this
hard manner will inevitably discard the vital tokens, which limits its
efficiency. To solve the issue, we propose a generic self-slimmed learn-
ing approach for vanilla ViTs, namely SiT. Specifically, we first design
a novel Token Slimming Module (TSM), which can boost the inference
efficiency of ViTs by dynamic token aggregation. As a general method of
token hard dropping, our TSM softly integrates redundant tokens into
fewer informative ones. It can dynamically zoom visual attention with-
out cutting off discriminative token relations in the images, even with
a high slimming ratio. Furthermore, we introduce a concise Feature Re-
calibration Distillation (FRD) framework, wherein we design a reverse
version of TSM (RTSM) to recalibrate the unstructured token in a flex-
ible auto-encoder manner. Due to the similar structure between teacher
and student, our FRD can effectively leverage structure knowledge for
better convergence. Finally, we conduct extensive experiments to evalu-
ate our SiT. It demonstrates that our method can speed up ViTs by 1.7 %
with negligible accuracy drop, and even speed up ViTs by 3.6x while
maintaining 97% of their performance. Surprisingly, by simply arming
LV-ViT with our SiT, we achieve new state-of-the-art performance on
ImageNet. Code is available at https://github.com/Sense-X/SiT.

Keywords: Transformer, Token Slimming, Knowledge Distillation

1 Introduction

Since vision transformer (ViT) [10] started the era of transformer structure in
the fundamental computer vision tasks [3,36,5], variant transformers have been
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Table 1: Comparison to recent model pruning methods for ViT. Our SiT
surpasses all the other methods based on structure pruning or hard dropping.

ImageNet Throughput
Type Method Reference Top-1(%) | (image/s) (%)
Baseline DeiT|[29] ICML21 79.8 1637 0
Structure Pruning SZVIiTE[(] NeurIPS21 | 79.2(—0.6) 2117 29.3
PS-ViT[23] CVPR22 |79.4(—0.5)| 2351 436
IA-RED?[22] NeurIPS21 | 79.1(—0.7) | 2369 44.7
Token Hard Dropping | Dynamic-ViT[24] | NeurIPS21 | 79.3(—0.5) 2575 57.3
Evo-ViT[37] AAAT22 |79.4(—0.4) 2629 60.6
EViT[20] ICLR22 |79.1(—0.7) 2783 70.0
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Fig.1: Our motivation. In Fig(a), we calculate the correlation coefficients
among tokens and count the proportion that is at least similar ( 0.7) to 4/8/16
tokens in different layers. As for Fig(b), we randomly select two tokens in the
tenth layer to show their attention. Moreover, we compare different token prun-
ing methods in Fig(c). Darker tokens get less attention.

designed to challenge the dominance of convolutional neural networks (CNNs).
Different from CNNs that stack convolutions to encode local features progres-
sively, ViT's directly capture the long-term token dependencies. However, because
of the exhausting token-to-token comparison, current powerful transformers re-
quire huge computation, limiting their wide application in reality [12]. Hence,
in this paper, we aim to design a generic learning framework for boosting the
efficiency of vanilla vision transformers.

To make ViTs more efficient, we tried to explore the inherent properties of
the token-to-token comparison. We conduct a series of experiments based on LV-
ViT, which reveals that sparse attention with high token similarity exists in ViTs.
Fig. 1a shows that token similarity becomes higher in deeper layers, especially in
the last three layers. Besides, the attention tends to focus on the specific tokens
in the deeper layers (Fig. 1b), which indicates the number of decision-relevant
tokens becomes fewer. These observations demonstrate that only a few token
candidates indicate meaningful information. It inspires us a feasible structure-
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agnostic dimension, token number, to reduce the computational cost. Intuitively,
we can progressively drop the redundant tokens as the network deepens.

Recent studies have tried to compress tokens via data-independent drop-
ping with minimizing reconstruction error [28], or data-dependent dropping with
differentiable scoring [24]. However, data-independent dropping requires layer-
by-layer optimization, which is hard to generalize. Moreover, the token hard
dropping will inevitably discard the vital tokens as the dropping ratio increases,
e.g., the shape of the otterhound is destroyed in the deep layer (Fig. 1c), thus
limiting its performance as shown in Table 1.

Can we design a exible method of token slimming, thus decision-
relevant information can be dynamically aggregated into a slimmed
token set? To answer this question, we propose token soft slimming. It contains
a concise Token Slimming Module (TSM), which generates decision-relevant to-
kens via a data-dependent weight matrix. As shown in Fig. lc, by simply in-
serting multiple TSMs in LV-ViT, our network can learn to localize the key
object tokens. More importantly, the attention scope can be zoomed automat-
ically without cutting off the discriminative token relations, e.g., our network
can adaptively concentrate on the most informative parts of the otterhound in
softer manner, while the oxygen mask in harder manner.

In DynamicViT [24], self-distillation is introduced in the last layer to mini-
mize the performance drop brought by token sparsification. However, it ignores
hint knowledge in the intermediate layers, leading to inevitable knowledge loss.
To solve this issue, we introduce a concise Feature Recalibration Distillation
(FRD) to achieve stable and efficient model slimming optimization. Note that
previous hint knowledge distillation methods [25,42,39,17] are designed for spa-
tial structured tokens. Since the neighbor token information is contiguous, they
can apply contiguous upsampling (e.g., deconvolution and interpolation) to find
the correspondence between tokens of teacher and student. In contrast, our TSM
generates unstructured token set, which can not be allocated corresponding su-
pervision directly. To align the token relations among unstructured tokens, we
design a reverse version of the token slimming module (RT'SM) in a flexible auto-
encoder manner. Such an effective way helps our FRD densely transfer all the
token information block to block. Benefiting from the innate knowledge inher-
itance (structure knowledge), our FRD is more suitable for teaching itself. As
shown in Table 1, our SiT is able to improve the throughput by 43.2% without
any performance drop, and accelerate the inference speed by over 100% with
negligible accuracy decrease.

Our self-slimmed learning method is flexible and easy to generalize to all
vanilla vision transformers (SiT), e.g., DeiT [29], LV-ViT [16] etc. We conduct
extensive experiments on ImageNet [3] to verify the effectiveness and efficiency.
Interestingly, our method without self-distillation can perform even better than
DynamicViT [24] with distillation. Besides, the SiT-XS achieves 81.8% top-1
accuracy with 3:6 inference speed and SiT-L achieves competitive 85.6% top-1
accuracy while running 1:7 faster. More importantly, our SiT based on LV-ViT
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Fig. 2: The framework of our self-slimmed learning. We insert our token
slimming modules (TSM) into vanilla vision transformer. To reduce decision-
relevant information loss, we apply Feature Recalibration Distillation (FRD),
wherein the reverse version of TSM (RTSM) is utilized to recalibrate unstruc-
tured token. The dash lines indicate the prediction supervision from an extra
CNN teacher is optional and complementary to our method.

achieves the new state-of-the-art performance on ImageNet, surpassing recent
CNNs and ViTs.

2 Related Works

2.1 Vision Transformers

Transformer architecture [31] was rst proposed for machine translation. The
success of transformer in NLP inspires the application of transformers in various
vision tasks, for example, DETR [3] for object detection and ViT [10] for image
recognition. ViT is the rst pure transformer that achieves the state-of-the-art
performance on ImageNet [8]. Recent VIiT variants mainly focus on better opti-
mization and more powerful performance [43,41,40,34,13,4,9,35,11,7,38,15,19,18].
However, few of them explore to improve the e ciency of vision transformers
[12]. In this paper, we aim to design a general optimization framework named
self-slimmed learning to promote the e ciency of ViTs.

2.2 Transformer Slimming

The large computation of self-attention hinders the wide application of ViTs,
such as detection and segmentation with the high-resolution input image. To
solve this problem, several prior works concentrate on designing sparse atten-
tion [33,21] or structure pruning [6]. SVITE [6] dynamically extracts and trains
sparse subnetworks of ViTs, while sticking to a xed small parameter budget.
However, model structure pruning struggles to trim down the inference latency.
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