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1 Proof of Theorem 1

We first prove the theorem for ℓ = MSE in Section 1.1, and then prove it for
ℓ = CE in Section 1.2.

1.1 MSE loss

R(fθ, ℓ = MSE) = E(x,y)

{ C∑
i=1

(y[i]− px[i])
2

}
(1)

=

∫ C∑
c=1

[
C∑
i=1

(y[i]− px[i])
2

]
P(x, c)dx (2)

=

∫ [
C∑

c=1

C∑
i=1

(y[i]− px[i])
2 P(c|x)

]
P(x)dx (3)

=

∫ C∑
k=1

[
C∑

c=1

C∑
i=1

(y[i]− px[i])
2 P(c|x)

]
P(x, k)dx (4)

= E(x,y)

{ C∑
c=1

C∑
i=1

(y[i]− px[i])
2 P(c|x)

}
(5)

= E(x,y)

{ C∑
c=1

C∑
i=1

p2
x[i]P(c|x)− 2px[i]y[i]P(c|x) + y2[i]P(c|x)

}
(6)

= E(x,y)

{ C∑
i=1

p2
x[i]− 2px[i]

C∑
c=1

y[i]P(c|x) +
C∑

c=1

y2[i]P(c|x)
}

(7)

= E(x,y)

{ C∑
i=1

p2
x[i]− 2px[i]E

{
y[i]

∣∣ x}+ E
{
y2[i]

∣∣ x}} (8)

= E(x,y)

{ C∑
i=1

p2
x[i]− 2px[i]E

{
y[i]

∣∣ x}
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+ E
{
y2[i]

∣∣ x}+ E2
{
y[i]

∣∣ x}− E2
{
y[i]

∣∣ x}} (9)

= E(x,y)

{ C∑
i=1

(
px[i]− E

{
y[i]

∣∣ x})2
}
+ E(x,y)

{ C∑
i=1

Var
{
y[i]

∣∣ x}}, (10)

where Var
{
y[i]

∣∣ x} denotes the conditional variance of y[i]. Note that the second
term in Eq. (10) is independent of the DNN’s parameters, and is an intrinsic
characteristic of the underlying dataset. Hence, the minimum of R(fθ, ℓ = MSE)
is achieved when px[i] = E

{
y[i]

∣∣ x}. Also, note that

E
{
y[i]

∣∣ x} =

C∑
c=1

y[c]P(c|x) = Pr(y|x), (11)

where the last equation is obtained since all the entries of y are zero except its
y-th entry. Therefore, px = [Pr(y|x)]y∈[C] = p∗

x.

min
θ

R(fθ, ℓ = MSE)

≡ min
θ

E(x,y)

{ C∑
i=1

(
px[i]− E

{
y[i]

∣∣ x})2
}
. (12)

On the other hand,

E(x,y)

{ C∑
i=1

(
px[i]− E

{
y[i]

∣∣ x})2
}

(13)

= E(x,y)

{ C∑
i=1

(px[i]− p∗
x[i])

2

}
(14)

= E(x,y)

{
MSE (px[i],p

∗
x[i])

}
. (15)

Hence, the proof is concluded for MSE loss.

1.2 CE loss

The CE loss is as follows:

R(fθ, ℓ = CE) = −E(x,y)

{ C∑
i=1

y[i] logpx[i]

}
(16)
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Similarly to the simplification we made for MSE loss, the expression in Eq. (16)
could be simplified as

R(fθ, ℓ = CE)

= −E(x,y)

{ C∑
i=1

E
{
y[i]

∣∣ x} log px[i]

}
(17)

= −E(x,y)

{ C∑
i=1

E
{
y[i]

∣∣ x} log px[i]

− E
{
y[i]

∣∣ x} logE
{
y[i]

∣∣ x}
+ E

{
y[i]

∣∣ x} logE
{
y[i]

∣∣ x} (18)

= −E(x,y)

{ C∑
i=1

E
{
y[i]

∣∣ x} log
px[i]

E
{
y[i]

∣∣ x}
}

− E(x,y)

{ C∑
i=1

E
{
y[i]

∣∣ x} log

C∑
i=1

E
{
y[i]

∣∣ x}}. (19)

We note that the second term in the last equation is independent of the DNN.
By taking the first derivative from the first term in Eq. (19), it is easy to show
that the minimum is achieved for px[i] = E

{
y[i]

∣∣ x} = Pr(y|x), or equivalently
for px = p∗

x.
Note that one can confirm that the critical point of Eq. (19) is indeed a

minimum point by calculating its second derivative.

min
θ

R(fθ, ℓ = CE)

≡ min
θ

−E(x,y)

{ C∑
i=1

E
{
y[i]

∣∣ x} log
px[i]

E
{
y[i]

∣∣ x}
}
. (20)

On the other hand,

min
θ

−E(x,y)

{ C∑
i=1

E
{
y[i]

∣∣ x} log
px[i]

E
{
y[i]

∣∣ x}
}

(21)

≡ min
θ

−E(x,y)

{ C∑
i=1

p∗
x[i] log

px[i]

p∗
x[i]

}
(22)

≡ min
θ

E(x,y)

{
CE (p∗

x[i],px[i])

}
, (23)

which concludes the proof for CE loss.
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2 Hyper-parameters for KD Variants

In the paper, we incorporate several state-of-the-art KD variants. Specifically, we
employ a linear combination of cross-entropy loss and knowledge distillation loss,
as outlined below:

ℓ = ℓCE + γℓDistill (24)

For different KD variants, we directly adopted the γ values as those reported
in their original papers. The γ values and additional details for each KD variant
used in the paper are outlined below:

1. AT [10]: γ = 1000;
2. PKT [5]: γ = 30000;
3. SP [8]: γ = 3000;
4. CC [6]: γ = 0.02;
5. RKD [4]: γ1 = 25 for distance, and γ2 = 50 for angle;
6. VID [1]: γ = 1;
7. CRD [7]: γ = 0.8;
8. DKD [11]: Consistent with their official implementation, we select γ from the

set {0.2, 1, 2, 4, 8};
9. REVIEWKD [2]: Consistent with their official implementation, we select γ

from the set {0.6, 1, 5, 8};
10. HSAKD [9]: γ = 1.

For KD, we follow the original implementation in [3], set α = 0.9, and T = 4.
For both zero-shot and few-shot, we follow the same training recipe as that

discussed in this subsection.
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3 Accuracy variances of Table 1 in the paper

Table 1: The variance in accuracy for the results in Table 1 in the main paper, where
the teacher and student have the same architectures.

Teacher ResNet-56 ResNet-110 ResNet-110 WRN-40-2 WRN-40-2 VGG-13
Student ResNet-20 ResNet-20 ResNet-32 WRN-16-2 WRN-40-1 VGG-8

KD 0.10 0.20 0.13 0.12 0.34 0.22
AT 0.28 0.32 0.18 0.15 0.28 0.16

PKT 0.38 0.12 0.14 0.15 0.28 0.20
SP 0.07 0.26 0.18 0.27 0.16 0.14
CC 0.47 0.18 0.23 0.24 0.16 0.29

RKD 0.13 0.17 0.24 0.15 0.21 0.28
VID 0.25 0.09 0.13 0.25 0.28 0.10
CRD 0.13 0.17 0.08 0.15 0.11 0.05

REVIEWKD 0.26 0.30 0.43 0.16 0.14 0.18
DKD 0.14 0.15 0.15 0.27 0.29 0.24

HSAKD 0.23 0.14 0.16 0.14 0.21 0.22

Table 2: The variance in accuracy for the results in Table 1 in the main paper, where
the teacher and student have different architectures.

Teacher ResNet-50 ResNet-50 ResNet-32×4 ResNet-32×4 WRN-40-2 VGG-13
Student MobileNetV2 VGG-8 ShuffleNetV1 ShuffleNetV2 ShuffleNetV1 MobileNetV2

KD 0.34 0.16 0.11 0.47 0.27 0.22
AT 0.21 0.94 0.17 0.13 0.25 0.26

PKT 0.18 0.17 0.27 0.18 0.14 0.35
SP 0.17 0.19 0.29 0.18 0.14 0.28
CC 0.42 0.20 0.17 0.17 0.19 0.39

RKD 0.49 0.27 0.18 0.29 0.31 0.10
VID 0.19 0.17 0.23 0.25 0.17 0.36
CRD 0.69 0.17 0.22 0.10 0.27 0.13

REVIEWKD 0.26 0.85 0.31 0.14 0.32 0.46
DKD 0.35 0.13 0.14 0.19 0.45 0.08

HSAKD 0.26 0.19 0.09 0.16 0.42 0.11
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