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A More Discussions

About ground truth. Ground truths (D) represent the accuracy results of
student models in full distillation training. These results are used to evaluate
the correlation between proxy predictions.
About technical novelty compared to previous works. Distillation-aware
architecture search (DAS) is important for distillation research area [5, 12–18,
20,27,29], with recently proposed training-free DAS as a new research track. In
contrast to DisWOT and other methods [1,4,6–8,10,19,21,33,35], our Auto-DAS
first achieves automated and general DAS by building new proxy search space
and automating the search.
About comparison with other methods. (1) We use experiment with ResNet/ViT-
like and NAS-101/201 models, comparing 6 train-based NAS, 10 train-free NAS,
and 5 hand-designed methods, demonstrating our effectiveness. (2) Following this
suggestion, we compare more hand-crafted models, KD methods, and distillation-
unaware NAS methods for ViT, Swin, PiT, and ResNet18/50 on ImageNet.
These results show that our Auto-DAS consistently outperforms Random NAS
and other NAS methods on all models. (3) Random NAS does not always surpass
handcrafted designs because of the huge search space. Our search algorithms play
a significant contribution in solving this issue and improving final distillation ac-
curacy. (4) Our Auto-DAS and hand-designed KD methods are fundamentally
orthogonal techniques rather than competing ones, making them unsuitable for
direct comparison.

B Details of Experiments

B.1 Details on ViT Experiments on Tiny Datasets

Datasets. Our study includes popular image classification datasets, namely
Flowers [26] and Chaoyang [34]. These datasets offer diverse and representa-
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tive samples, enabling us to evaluate the performance of our method across
different domains. The Flowers dataset [26] is specifically designed for flower
classification tasks and consists of 102 categories of various flower species. Each
class contains a varying number of images, ranging from 40 to 258. The dataset
poses a challenge due to the inherent similarities among different flower types,
requiring models to capture subtle visual cues for accurate classification. The
Chaoyang dataset [34] comprises colon slide image patches collected from the
Chaoyang hospital and labeled by three professional pathologists. The testing
set consists of patches with consensus labels from all pathologists, while the
remaining patches form the training set. For samples in the training set with in-
consistent labels, one pathologist’s opinion is randomly chosen. The final dataset
includes normal, serrated, adenocarcinoma, and adenoma samples for training
and testing, totaling several thousand images.
Implementation. In the training process, we train DeiT, AutoFormer, PVT,
and Swin models from scratch using the attention discovered. The training fol-
lows standard settings [11], which include 300 training epochs, a cosine learning
rate scheduler, and the AdamW optimizer. Specifically, we utilize the AdamW
optimizer [25] with an initial learning rate of 5e-4 and a weight decay of 0.05.
The learning rate schedule follows a cosine policy [24], gradually reducing the
learning rate to 5e-6. Each ViT model undergoes 100 epochs of training, with a
linear warm-up period of 20 epochs, and employs a batch size of 128. The train-
ing process involves images with an interpolated resolution of 224× 224. These
standardized settings ensure consistency and enable fair comparisons among our
attention candidates.

B.2 Details on ViT Experiments on ImageNet Datasets

Datasets. The ImageNet dataset [3] is a widely used large-scale dataset in
computer vision research. It consists of 1.2 million training images and 50,000
validation images, covering 1,000 categories. The dataset encompasses a wide
range of object categories, including animals, plants, vehicles, and everyday ob-
jects. ImageNet serves as a benchmark for evaluating the performance of various
computer vision models and algorithms.
Implementation. We conduct our experiment on the ImageNet dataset [3]
using standard settings [9, 23, 28]. The input images are resized to a size of
224x224 pixels using bicubic interpolation. In terms of training settings, we train
the model for 300 epochs with a warm-up period of 20 epochs. The weight decay
is set to 0.05. The base learning rate is 5e-4, the warm-up learning rate is 5e-7,
and the minimum learning rate is 5e-6. The learning rate scheduler follows a
"cosine" policy with a decay interval of 30 epochs and a decay rate of 0.1. We
employ the AdamW optimizer with an epsilon value of 1e-8 and betas set to
(0.9, 0.999). The SGD momentum is set to 0.9. For augmentation, we use the
AutoAugment policy and set the random erase probability to 0.25. Additionally,
we apply mixup with an alpha value of 0.8. These augmentation techniques
enhance the model’s generalization ability and improve overall performance.
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C Details of Search Space

Our search space of the automatic proxy consists of transformation and distance
operations. Their detailed implementations are presented in Listing 1-2.

C.1 Details of transformation operations

Our transformation options include: ”exp,” ”mish,” ”leaky,” ”relu,” ”tanh,” ”sig-
moid,” ”pow2,” ”pow4,” ”log,” ”sqrt,” ”drop,” ”no’, ”satt,” ”natt,” ”catt,” ”mask,”
”bmm,” ”mm,” ”batch,” ”channel,” ”scale_r1,” ”scale_r2,” ”multi_scale_r4,” ”lo-
cal_s1,” ”local_s2,” ”local_s4,” ”norm_HW,” ”norm_C,” ”norm_N,” ”softmax_N,”
”softmax_C,” ”softmax_HW,” ”scale,” ”logsoftmax_N,” ”logsoftmax_C,” ”log-
softmax_HW,” ”min_max_normalize,” ”batchnorm,”. We present some typical
transformations as follows:
Attention transformation. Following FGD [30], we select the attention trans-
formation operation on different pixels and different channels, respectively:

GS(F ) =
1

C
·

C∑
c=1

|Fc| , AS(F ) = H ·W · σ
(
GS(F )/τ

)
, (1)

GC(F ) =
1

HW
·

H∑
i=1

W∑
j=1

|Fi,j |, AC(F ) = C · σ
(
GC(F )/τ

)
, (2)

where H, W , C denote the height, width, and channel of the feature. GS and
GC are the spatial and channel attention maps. AS and AC are the spatial and
channel attention mask, where τ is the temperature hyperparameter to adjust
the distribution.
Mask transformation. Following MGD [31], we use the corresponding l-th
mask to cover the student’s l-th feature, which can be formulated as follows:

M l
i,j =

{
0, if Rl

i,j < λ

1, Otherwise
(3)

where Rl
i,j is a random number in (0, 1) and i, j is the horizontal and vertical

coordinates of the feature map, respectively.
Multi-scale transformation. Multi-scale feature representations benefit mod-
eling context information in different abstract levels and are essential to many
vision tasks. For example, PSPNet [32] adopts spatial pyramid pooling to probe
convolutional features on multiple scales for semantic image segmentation. Fol-
lowing Review [2], our multi-scale transformation operation extracts different
levels of knowledge from the feature using spatial pyramid pooling.
Local transformation. Local features refer to distinctive and repeatable pat-
terns or structures within an image that can be used to identify and match
the corresponding features in different images. LKD [22] uses a local correlation
matrix based on the selected local parts to guide the student’s learning. In our
search space, we select the local transformation operation to divide the original
feature into n2 patches (e.g ., n = 2, 4), then distill each patch into separate
instances.
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C.2 Details of Distance Function Operations.

We use ℓ1, ℓ2, ℓKL, ℓhard, ℓCosine, ℓPearson as the distance function operations,
which partially introduced in detail as follows:

In UniADS, different distance functions are used to measure the difference
between teacher and student output. Let Pi denote the predicted probability of
class i by the teacher network and Qi denote the predicted probability of class
i by the student network.
L2 distance. The L2 distance measures the square root of the sum of the squared
differences between the probabilities of each class in the two distributions. The
L2 distance between P and Q is defined as:

Dℓ2(P,Q) =

√√√√ n∑
i=1

(Pi −Qi)2

Cosine distance. The cosine distance measures the cosine of the angle between the
two probability vectors. This distance measure is useful when the magnitudes of the
probability vectors are not important, only their directions. The cosine distance be-
tween P and Q is defined as:

DℓCosine(P,Q) = 1−
∑n

i=1 PiQi√∑n
i=1 P

2
i

√∑n
i=1 Q

2
i

Pearson distance. The Pearson distance measures the correlation between the two
probability vectors. The Pearson distance between P and Q is defined as:

DℓPearson(P,Q) = 1−
∑n

i=1(Pi − P̄ )(Qi − Q̄)√∑n
i=1(Pi − P̄ )2

√∑n
i=1(Qi − Q̄)2

where P̄ and Q̄ are the means of the two distributions
KL distance. The KL distance measures the information lost when approximating
the probability distribution P with the probability distribution Q, as follows:

DℓKL(P,Q) =

n∑
i=1

Pi log
Pi

Qi
=

n∑
i=1

Pi logPi −
n∑

i=1

Pi logQi

Listing 1.1: The PyTorch implementation of transformation operations.

import torch
import torch.nn as nn
import torch.nn.functional as F
from einops import rearrange, reduce

def trans_multi_scale_r1(f):
"""transform with multi-scale distillation with reduce ratio of 1"""
if len(f.shape) != 4:

return f
return reduce(f, ’b c (h1 h2) (w1 w2) -> b c h1 w1’, ’max’, h2=1,

w2=1)
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def trans_multi_scale_r2(f):
"""transform with multi-scale distillation with reduce ratio of 2"""
if len(f.shape) != 4:

return f
return reduce(f, ’b c (h1 h2) (w1 w2) -> b c h1 w1’, ’max’, h2=2,

w2=2)

def trans_multi_scale_r4(f):
"""transform with multi-scale distillation with reduce ratio of 4"""
if len(f.shape) != 4:

return f
return reduce(f, ’b c (h1 h2) (w1 w2) -> b c h1 w1’, ’max’, h2=4,

w2=4)

def trans_local_s1(f):
"""transform with local features distillation with spatial size of

1"""
if len(f.shape) != 4:

return f
f = rearrange(f, ’b c (h hp) (w wp) -> b (c h w) hp wp’, hp=1, wp=1)
return f.squeeze(-1).squeeze(-1)

def trans_local_s2(f):
"""transform with local features distillation with spatial size of

1"""
if len(f.shape) != 4:

return f
return rearrange(f, ’b c (h hp) (w wp) -> b (c h w) hp wp’, hp=2,

wp=2)

def trans_local_s4(f):
"""transform with local features distillation with spatial size of

1"""
if len(f.shape) != 4:

return f
return rearrange(f, ’b c (h hp) (w wp) -> b (c h w) hp wp’, hp=4,

wp=4)

def trans_batch(f):
"""transform with batch-wise shape"""
if len(f.shape) == 2:

return f
elif len(f.shape) == 3:

return rearrange(f, ’b c h -> b (c h)’)
elif len(f.shape) == 4:

return rearrange(f, ’b c h w -> b (c h w)’)

def trans_channel(f):
"""transform with channel-wise shape"""
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if len(f.shape) in {2, 3}:
return f

elif len(f.shape) == 4:
return rearrange(f, ’b c h w -> b c (h w)’)

def trans_mask(f, threshold=0.65):
"""transform with mask"""
if len(f.shape) in {2, 3}:

# logits
return f

N, C, H, W = f.shape
device = f.device
mat = torch.rand((N, 1, H, W)).to(device)
mat = torch.where(mat > 1 - threshold, 0, 1).to(device)
return torch.mul(f, mat)

def trans_satt(f, T=0.5):
"""transform with spatial attention"""
if len(f.shape) in {2, 3}:

# logits
return f

N, C, H, W = f.shape
value = torch.abs(f)
fea_map = value.mean(axis=1, keepdim=True)
# Bs*W*H
S_attention = (H * W * F.softmax(

(fea_map / T).view(N, -1), dim=1)).view(N, H, W)
return S_attention.unsqueeze(dim=-1)

def trans_natt(f, T=0.5):
"""transform from the N dim"""
if len(f.shape) == 2:

N, C = f.shape
elif len(f.shape) == 4:

N, C, H, W = f.shape
elif len(f.shape) == 3:

N, C, M = f.shape
# apply softmax to N dim
return N * F.softmax(f / T, dim=0)

def trans_catt(f, T=0.5):
"""transform with channel attention"""
if len(f.shape) == 2:

# logits
N, C = f.shape
# apply softmax to C dim
return C * F.softmax(f / T, dim=1)

elif len(f.shape) == 3:
N, C, M = f.shape
return C * F.softmax(f / T, dim=1)
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elif len(f.shape) == 4:
N, C, H, W = f.shape
value = torch.abs(f)
# Bs*C
channel_map = value.mean(

axis=2, keepdim=False).mean(
axis=2, keepdim=False)

C_attention = C * F.softmax(channel_map / T, dim=1)
return C_attention.unsqueeze(dim=-1).unsqueeze(dim=-1)

else:
raise f’invalid shape {f.shape}’

def trans_drop(f, p=0.1):
"""transform with dropout"""
return F.dropout2d(f, p)

def trans_nop(f):
"""no operation transform """
return f

def trans_bmm(f):
"""transform with gram matrix -> b, c, c"""
if len(f.shape) == 2:

return f
elif len(f.shape) == 4:

return torch.bmm(
rearrange(f, ’b c h w -> b c (h w)’),
rearrange(f, ’b c h w -> b (h w) c’))

elif len(f.shape) == 3:
return torch.bmm(

rearrange(f, ’b c m -> b c m’), rearrange(f, ’b c m -> b m
c’))

else:
raise f’invalide shape {f.shape}’

def trans_mm(f):
"""transform with gram matrix -> b, b"""
if len(f.shape) == 2:

return f
elif len(f.shape) == 3:

return torch.mm(
rearrange(f, ’b c m -> b (c m)’), rearrange(f, ’b c m -> (c

m) b’))
elif len(f.shape) == 4:

return torch.mm(
rearrange(f, ’b c h w -> b (c h w)’),
rearrange(f, ’b c h w -> (c h w) b’))

else:
raise f’invalide shape {f.shape}’
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def trans_norm_HW(f):
"""transform with l2 norm in HW dim"""
if len(f.shape) == 2:

return f
elif len(f.shape) == 3:

return F.normalize(f, p=2, dim=2)
elif len(f.shape) == 4:

return F.normalize(f, p=2, dim=(2, 3))
else:

raise f’invalide shape {f.shape}’

def trans_norm_C(f):
"""transform with l2 norm in C dim"""
return F.normalize(f, p=2, dim=1)

def trans_norm_N(f):
""" transform with l2 norm in N dim"""
return F.normalize(f, p=2, dim=0)

def trans_softmax_N(f):
"""transform with softmax in 0 dim"""
return F.softmax(f, dim=0)

def trans_softmax_C(f):
"""transform with softmax in 1 dim"""
return F.softmax(f, dim=1)

def trans_softmax_HW(f):
"""transform with softmax in 2,3 dim"""
if len(f.shape) == 2:

return f
if len(f.shape) == 4:

N, C, H, W = f.shape
f = f.reshape(N, C, -1)

assert len(f.shape) == 3
return F.softmax(f, dim=2)

def trans_logsoftmax_N(f):
"""transform with logsoftmax"""
return F.log_softmax(f, dim=1)

def trans_logsoftmax_C(f):
"""transform with logsoftmax"""
return F.log_softmax(f, dim=1)

def trans_logsoftmax_HW(f):
"""transform with logsoftmax"""
if len(f.shape) == 2:

return f
if len(f.shape) == 4:
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N, C, H, W = f.shape
f = f.reshape(N, C, -1)

assert len(f.shape) == 3
return F.log_softmax(f, dim=2)

def trans_sqrt(f):
"""transform with sqrt"""
return torch.sqrt(f)

def trans_log(f):
"""transform with log"""
return torch.sign(f) * torch.log(torch.abs(f) + 1e-9)

def trans_pow2(f):
"""transform with ^2"""
return torch.pow(f, 2)

def trans_pow4(f):
"""transform with ^4"""
return torch.pow(f, 4)

def trans_min_max_normalize(f):
"""transform with min-max normalize"""
A_min, A_max = f.min(), f.max()
return (f - A_min) / (A_max - A_min + 1e-9)

def trans_abs(f):
"""transform with abs"""
return torch.abs(f)

def trans_sigmoid(f):
"""transform with sigmoid"""
return torch.sigmoid(f)

def trans_swish(f):
"""transform with swish"""
return f * torch.sigmoid(f)

def trans_tanh(f):
"""transform with tanh"""
return torch.tanh(f)

def trans_relu(f):
"""transform with relu"""
return F.relu(f)

def trans_leaky_relu(f):
"""transform with leaky relu"""
return F.leaky_relu(f)
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def trans_mish(f):
"""transform with mish"""
return f * torch.tanh(F.softplus(f))

def trans_exp(f):
"""transform with exp"""
return torch.exp(f)

def trans_scale(f):
"""transform 0-1"""
return (f + 1.0) / 2.0

def trans_batchnorm(f):
"""transform with batchnorm"""
if len(f.shape) in {2, 3}:

bn = nn.BatchNorm1d(f.shape[1]).to(f.device)
elif len(f.shape) == 4:

bn = nn.BatchNorm2d(f.shape[1]).to(f.device)
return bn(f)

Listing 1.2: The PyTorch implementation of distance operations.

import torch
import torch.nn.functional as F
from torch import Tensor

def mse_loss(f_s: Tensor, f_t: Tensor) -> Tensor:
"""mse_loss = l2_loss = (f_s - f_t) ** 2"""
return F.mse_loss(f_s, f_t)

def l1_loss(f_s: Tensor, f_t: Tensor) -> Tensor:
"""l1_loss = (f_s - f_t).abs()"""
return F.l1_loss(f_s, f_t)

def l2_loss(f_s: Tensor, f_t: Tensor) -> Tensor:
"""mse_loss = l2_loss = (f_s - f_t) ** 2"""
return F.mse_loss(f_s, f_t)

def kl_loss(f_s: Tensor, f_t: Tensor) -> Tensor:
"""kl_loss = kl_divergence = f_s * log(f_s / f_t)"""
return F.kl_div(f_s, f_t, reduction=’batchmean’)

def smooth_l1_loss(f_s: Tensor, f_t: Tensor) -> Tensor:
"""smooth_l1_loss = (f_s - f_t).abs()"""
return F.smooth_l1_loss(f_s, f_t)

def cosine_similarity(f_s, f_t, eps=1e-8):
"""cosine_similarity = f_s * f_t / (|f_s| * |f_t|)"""
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return F.cosine_similarity(f_s, f_t, eps=eps).mean()

def pearson_correlation(f_s, f_t, eps=1e-8):
"""pearson_correlation = (f_s - mean(f_s)) * (f_t - mean(f_t)) /

(|f_s - mean(f_s)| * |f_t - mean(f_t)|)"""

def cosine(f_s, f_t, eps=1e-8):
return (f_s * f_t).sum(1) / (f_s.norm(dim=1) * f_t.norm(dim=1) +

eps)

return 1 - cosine(f_s - f_s.mean(1).unsqueeze(1),
f_t - f_t.mean(1).unsqueeze(1), eps).mean()
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