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Abstract

Pure transformers have shown great potential for vision

tasks recently. However, their accuracy in small or medium

datasets is not satisfactory. Although some existing meth-

ods introduce a CNN as a teacher to guide the training

process by distillation, the gap between teacher and stu-

dent networks would lead to sub-optimal performance. In

this work, we propose a new One-shot Vision transformer

search framework with Online distillation, namely OVO.

OVO samples sub-nets for both teacher and student net-

works for better distillation results. Benefiting from the on-

line distillation, thousands of subnets in the supernet are

well-trained without extra finetuning or retraining. In ex-

periments, OVO-Ti achieves 73.32% top-1 accuracy on Im-

ageNet and 75.2% on CIFAR-100, respectively.

1. Introduction

Vision transformer recently has drawn significant atten-

tion in computer vision due to its excellent model capabil-

ity and superior potential in capturing long-range depen-

dencies. ViT [9] is able to learn powerful visual represen-

tations from images and achieves very competitive perfor-

mance compared to previous convolutional neural network

models [12, 19].

However, their performance is not satisfactory when

training from scratch on medium or small datasets. Exten-

sive computing resources are involved in training transform-

ers with a large private labeled image dataset (JFT-300M

[28]). One of the most straightforward solutions is to ap-

ply knowledge distillation with a pre-trained strong convo-

lutional network. DeiT [31] introduced a distillation token

in the vision transformer ensuring that it learns from the

convnet through attention. Unfortunately, the intrinsic gap

between teacher and student networks would lead to sub-

optimal results.

In this work, we present a new architecture search al-

gorithm, named OVO, dedicated to finding optimal vision
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transformer models and distillation strategies simultane-

ously. Our approach mainly addresses two challenges in

transformer search. 1) How to search for a good com-

bination of the key factors in transformers, such as net-

work depth, embedding dimension, and head number? 2)

How to achieve better distillation results for different sub-

networks?

To tackle the challenges, we first construct a large search

space covering the main changeable dimensions of trans-

formers, including embedding dimension, number of heads,

query/key/value dimension, MLP ratio, and network depth.

Moreover, we build a simple supernet of ResNet as the

teacher network, which is trained mutually with the vision

transformer to improve performance. The central idea is

to enable the best-matched teacher and student pairs during

the supernet training stage. This strategy is different from

most one-shot NAS methods [11, 4, 34], in which only the

weights of vision transformers are trainable.

We observe that when using the online distillation for

transformer supernet training, the performance of these sub-

nets is improved. This advantage allows our method to ob-

tain better architectures while maintaining smaller compu-

tation costs. We perform an evolutionary search when the

supernet finishes training. Experiments on ImageNet [6]

demonstrate that our method achieves superior performance

to the handcrafted state-of-the-art transformer models.

In summary, our major contributions are as follows. 1)

We propose an online distillation method that automatically

searches for optimal distillation strategy during the super-

net training. 2) We propose a simple yet effective vision

transformer framework, which produces thousands of high-

quality transformers on tiny or medium datasets such as

CIFAR-100 and ImageNet.

2. Background

Vision Transformer Transformer [9, 31] is originated

from the natural language filed [33, 21, 8], which has shown

its great potential for visual recognition tasks recently. To

better understand our method, we revisit the basic architec-

ture of the vision transformer as follows.

Given a 2D image, we first uniformly split it into a se-

quence of 2D patches, which is also referred as tokens in
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natural language processing tasks. Then we flatten and

transform the patches to D-dimension vectors, named patch

embeddings, by either linear projection [9] or several CNN

layers [37]. A learnable class embedding is injected into the

head of the sequence to represent the whole image. Position

embeddings are added to the patch embeddings to retain po-

sitional information. The combined embeddings are then

fed to repeated transformer blocks. At last, a linear layer is

used for the final classification.

A transformer block consists of multihead self-attention

(MSA), and multi-layer perceptron (MLP) modules. Layer-

Norm (LN) [1] is applied before each module, and residual

connections after every module. The details of MSA and

MLP are given below.

Multihead Self-Attention (MSA). In a standard self-

attention module, the input sequence z ∈ R
N×D will be

first linearly transformed to queries Q ∈ R
N×Dh , keys

K ∈ R
N×Dh and values V ∈ R

N×Dh , where N is the

number of tokens, D is the embedding dimension, Dh is

the Q-K-V dimension. Then we compute the weighted

sum over all values for each element in the sequence. The

weights or attention are based on the pairwise similarity be-

tween two elements of the sequence:

Attention(Q,K, V ) = softmax
(QKT

√
dh

)

V, (1)

where 1√
dh

is the scaling factor. Lastly, a fully connected

layer is applied. Multihead self-attention splits the queries,

keys and values into different heads and performs self-

attention in parallel and projects their concatenated outputs.

Multi-Layer Perceptron (MLP). The MLP block consists

two fully connected layers with an activation function, usu-

ally GELU [15]. In this work, we focus on finding optimal

choices of the MLP ratios in each layer.

One-Shot NAS One-shot NAS typically adopts a weight

sharing strategy to avoid training each subnet from

scratch [11, 25]. The architecture search space A is en-

coded in a supernet, denoted as N (A,W ), where W is the

weight of the supernet. W is shared across all the architec-

ture candidates, i.e., subnets α ∈ A in N . The search of the

optimal architecture α∗ in one-shot NAS is usually formu-

lated as a two-stage optimization problem. The first-stage

is to optimize the weight W by

WA = argmin
W

Ltrain(N (A,W )), (2)

where Ltrain represents the loss function on the training

dataset. To reduce memory usage, one-shot methods usu-

ally sample subnets from N for optimization. The second-

stage is to search architectures via ranking the performance

of subnets α ∈ A based on the learned weights in WA:

α∗ = argmax
α∈A

Accval (N (α,w)) , (3)

where the sampled subnet α inherits weight w from WA,

and Accval indicates the top-1 accuracy of the architec-

ture α on the validation dataset. Since it is impossible

to enumerate all the architectures α ∈ A for evaluation,

prior works resort to random search [23, 2], evolution al-

gorithms [27, 11] or reinforcement learning [26, 29] to find

the most promising one.

Knowledge Distillation Knowledge distillation is pro-

posed by Hinton et al. [17] and has become a commonly

used technology for model compression and acceleration.

As mentioned in [10], the knowledge to be distilled can

be divided into three kinds, i.e., response-based knowl-

edge [17], feature-based knowledge [14] and relation-based

knowledge [24, 32]. Our method is highly related to

feature-based knowledge distillation. Most applications of

knowledge distillation are based on the setting of a strong

teacher model and a weak student model, to achieve model

compression and acceleration. Different from them, our

goal of using CNN teacher is making the learning process of

vision transformer easier so that the VT can be trained bet-

ter. In our setting, the performance of the teacher will not be

the performance bottleneck of the VT, since the VT is still

learning by itself and can play to the advantage of the trans-

former. Therefore, a lightweight CNN teacher would suf-

fice. A recent proposed method DeiT [31] also uses knowl-

edge distillation, which makes the VT learn the classifica-

tion results of the CNN teacher. However, a CNN of com-

parable size to the VT is required in DeiT. By comparison,

our method can achieve much higher performance with just

a lightweight CNN.

3. OVO

We give a detailed description of our method. In Section

3.1, we briefly introduce the dilemma of supernet training

and the motivation of our method. In Section 3.2, we pro-

pose an online distillation method during the supernet train-

ing, which automatically samples the teacher network and

student network for distillation. Finally, in Section 3.3, we

present details of the search pipeline to obtain our models.

3.1. The dilemma of supernet training for ViT

During supernet training in AutoFormer, a subnet

is uniformly sampled in each training iteration α =
(α(1), ...α(i), ...α(l)). The sampled weights w =
(w(1), ...w(i), ...w(l)) in the supernet WA are updated while

the rests are frozen. However, the supernet training is not

stable for vision transformers, and it takes a long training

period (500 epochs) for each supernet to obtain satisfactory

performance of its assembled sub-networks.

Other methods [36, 35] use a sandwich sampling strat-

egy, which samples multiple sub-networks (including the



largest, smallest, and two random choices), then aggregates

the gradients together for each mini-batch. The heavy com-

putation cost of supernet training is more severe when a

sandwich sampling strategy is applied.

3.2. Supernet Training with Online Distillation

We update one randomly sampled sub-network at each

iteration as proposed in [11] when training both teacher and

student networks. We train sub-networks from the teacher

supernet with ground truth labels, while training sampled

student networks with KD following [22].

Equipped with online distillation, one-shot NAS is capa-

ble of searching transformer architectures in an efficient and

effective manner. Compared with classical one-shot NAS

methods, our method has two advantages. 1) Faster conver-

gence. knowledge from the CNN provides inductive bias

, which helps each transformer block converges faster than

the previous independent training. 2) Better subnets perfor-

mance. The subnets trained with online distillation could

achieve better performance on tiny or medium datasets.

3.3. Search Pipeline

After the supernet finishes training, we conduct evolu-

tionary search to pick sub-networks with maximize classi-

fication accuracy. At the beginning of the evolution search,

we randomly sample N architectures as seeds. All sub-

networks are evaluated on the validation dataset based on

the inherited weights from the supernet. The top k architec-

tures are selected as parents to generate the next generation

by crossover and mutation. For a crossover, two randomly

selected parent networks are crossed to produce a new one

during each generation. When a mutation is conducted, a

parent network first mutates its depth with probability Pd,

then each block is mutated with a probability of Pm to pro-

duce a new architecture.

4. Experiments

In this section, we first present the implementation de-

tails of OVO. Then we present the performance of OVO

with comparisons with other state-of-the-art models de-

signed manually or automatically.

4.1. Implementation Details

We conduct OVO on AutoFormer search space [3]. The

datasets that we applied to evaluate OVO are ImageNet [7]

and CIFAR-100 [20]. OVO includes a supernet training

stage and a search stage. In the supernet training stage,

We train the supernet using a similar recipe as DeiT [31].

Specifically, RandAugment [5], Cutmix [38], Mixup [39]

and random erasing are adopted as data augmentation tech-

niques. Notably, in each iteration we sample one random

path from both teacher and student networks, then train the

paths using one batch data. Images are split into patches

of size 16x16. Before conducting the evolutionary search,

we formulate validation set by sub-sampling 100 images per

class from training examples, while reserving the ImageNet

validation set for testing. We set the population size to 50

and number of generations to 20. In each generation, the

top 10 architectures are selected as the parents to generate

child networks by mutation and crossover. The mutation

probability Pd and Pm are set to 0.2 and 0.4.

4.2. Results on ImageNet

We compare the performance of the searched optimal

model with that of state-of-the-art CNNs and ViTs on Im-

ageNet. We train the supernet of OVO on ImageNet-1K

and search the target transformer model with a specified pa-

rameter size. After the supernet finishes training, subnets

inherit weights directly, without extra retraining and other

post-processing. The performance is reported in Table 1. It

is clear that OVO achieves higher accuracy than the other

state-of-the-art models.

4.3. Results on CIFAR­100

We validate the effectiveness of OVO on smaller datasets

such as CIFAR-100 by conducting the same experiment as

in ImageNet-1K. Specifically, the supernet is trained from

scratch on the CIFAR-100 dataset, in which candidates of

different subnets share the weights in a slimmable manner

[36]. The results are shown in Table 2. Our OVO outper-

forms recent excellent methods [31, 16], proving the effec-

tiveness of our method on relatively small datasets.

5. Conclusion

In this work, we propose a new one-shot transformer

search method, OVO, which is equipped with online dis-

tillation by automatically sampled teacher and student net-

works. Under this strategy, the performance of sub-nets

within the supernet are improved. Extensive experiments

demonstrate the proposed strategy can improve the training

of supernet and find promising architectures. Our searched

OVOs achieve state-of-the-art results on ImageNet and tiny

dataset CIFAR-100, which show the effectiveness of online

distillation.
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