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Abstract Knowledge Distillation (KD) could transfer the
“dark knowledge" of a well-performed yet large neural
network to a weaker but lightweight one. From the view of
output logits and softened probabilities, this paper goes
deeper into the dark knowledge provided by teachers with
different capacities. Two fundamental observations are: (1) a
larger teacher tends to produce probability vectors with
lower distinction among non-ground-truth classes; (2)
teachers with different capacities are basically consistent in
their cognition of relative class affinity. Through abundant
experimental studies we verify these observations and
provide in-depth empirical explanations to them. We argue
that the distinctness among incorrect classes embodies the
essence of dark knowledge. A larger and more accurate
teacher lacks this distinctness, which hampers its teaching
ability compared to a smaller teacher, ultimately leading to
the peculiar phenomenon named ‘"capacity mismatch".
Building on this insight, this paper explores multiple simple
yet effective ways to address capacity mismatch, achieving

superior experimental results compared to previous
approaches.
Keywords Knowledge distillation, dark knowledge, capac

ity mismatch, non-ground-truth class, temperature scaling

1 Introduction

Deploying large-scale neural networks on portable devices

with limited computation and storage resources is
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challenging [1], and efficient architectures such as
MobileNets [2,3] and ShuffleNets [4, 5] have been designed
for lightweight deployment. However, the performances of
these lightweight networks are usually not comparable to the
larger ones. Commonly, second learning [6,7] or knowledge
distillation (KD) [8-10] could be utilized to transfer the
knowledge of a more complex and well-performed network
(i.e., the teacher) to the smaller ones (i.e., the student). Both
with KD
focusing more on extracting the dark knowledge from the

are manifestations of pre-learning transfer,

teacher model. However, the dark knowledge in KD is still a
mystery that has attracted lots of studies [9, 11-13], and their
what’s the
knowledge that the teacher provides and why they are
effective in KD?

goal is to answer the following question:

In the original KD method [9], the student aims to mimic
the teacher’s behavior by minimizing the Kullback-Leibler
(KL) divergence between their output probabilities. That is,
the logits and softened probabilities, i.e., the inputs to the
final softmax operator and the corresponding outputs, are the
specific knowledge transferred in KD. With the development
of KD methods, the output-level knowledge has been
extended to various types [14], including the intermediate
features [15-20], the sample relationships [21-27], the
[28, 29],
knowledge [10, 30] etc. Among these types, the output logits

parameters and the collaborative or online
of neural networks are much easier to visualize, analyze, and
understand. Therefore, we focus on the original KD [9] and
aim to understand the dark knowledge (i.e., the logits and
Unlike
previous studies, we majorly study the output-level dark

softened probabilities) provided by the teachers.

knowledge provided by teachers with various capacities,



which receives little attention in previous studies. We first
present two significant observations: (1) an over-confident
teacher tends to produce probability vectors that are less
distinct between non-ground-truth classes; (2) teachers with
different capacities are basically consistent in their cognition
of relative class affinity. The first observation tells the
difference between dark knowledge provided by teachers
with different capacities, while the second observation
shows the consistency between them.

This paper first explains the reasons for the first
observation. Larger teachers generally have powerful feature
extractors, making the features of the same class more
compact and the features between classes more dispersed.
Hence, more complex teachers are over-confident and assign
a larger score for the ground-truth class or less varied scores
for the non-ground-truth classes. If we use a uniform
temperature to scale their logits, the probabilities of
[31], further

making the distillation process ineffective. This explains the

non-ground-truth classes are less distinct

peculiar phenomenon named ‘“‘capacity mismatch" [31-36]
in KD that a larger and more accurate teacher does not
necessarily make better students. Fortunately, the second
observation ensures that the dark knowledge from teachers
with various capacities is basically consistent in the class
relative probabilities. =~ We first provide several definite
metrics to verify the observation, including the rank of set
overlap, Kendall’s 7, and the Spearman correlation. These
metrics are irrelevant to the absolute probability values
between classes, which are appropriate for measuring the
correlation of relative class affinities. We also present the
two observations together via the group classes in
CIFAR-100 [37] and a constructed group classification task
based on Digits-Five [38].

These two observations imply that complex teachers
know approximately the same as smaller teachers on relative
class affinities, while their absolute probabilities are not
discriminative between non-ground-truth classes. Hence, to
improve the quality of the dark knowledge provided by
complex teachers, an intuitive way is to enlarge the
distinctness between non-ground-truth classes. We propose
several simple yet effective methods to enlarge the
distinctness of non-ground-truth class probabilities, which
could make the distillation process more discriminative.
Abundant experimental studies verify that the proposed
methods could address the capacity mismatch problem
effectively.

We summarize our contributions as two aspects: (1)

showing novel insights about the dark knowledge provided
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their

distinctness on absolute class probabilities and consistency

by teachers with various capacities, including

in relative class affinities; (2) addressing the capacity
mismatch problem in KD by proposing multiple simple yet
effective methods, which are verified by abundant

experimental studies.

2 Related Works

Our work is closely related to the dark knowledge and
capacity mismatch problem in KD.

2.1 Dark Knowledge in KD

Quite a few works focus on understanding and revealing the
essence and effects of “dark knowledge" in KD, including
the empirical studies and theoretical
analysis [11-13,32,39-44]. [11] unifies the dark knowledge
with privileged information, and [45] attributes the dark
knowledge in vision tasks to the task-relevant and
task-irrelevant visual concepts. The dark knowledge in KD
is also related to label smoothing (LS) [41, 46-48]. Some
works decompose the dark knowledge of teachers and aim to
their [49]

decomposes the dark knowledge into two parts, explaining

understand effectiveness  correspondingly.
the teacher’s ground-truth/non-ground-truth outputs as
(391

decomposes the dark knowledge into three parts including

importance weighting and class similarities.
universal knowledge, domain knowledge, and gradient
rescaling. The bias-variance decomposition is also utilized
to analyze the property of KD [13, 43]. [50] utilizes the
standard deviation of the secondary soft probabilities to
reflect the quality of the teachers’
[51]
suggesting that the knowledge of the teacher stems from
The most related work [31]

into correct

dark knowledge.

Recently, proposed an innovative perspective,

containing less noise.
the KD
regularization, and class discriminability, which provides

decomposes guidance, smooth
novel insights about the key information in the dark
knowledge. Few works have examined the relationship of
dark knowledge with teacher capacities, and this paper

provides detailed observations and analysis about this.

2.2 Capacity Mismatch in KD

An intuitive sense after the proposal of KD [9] is that larger
teachers could teach students better because their accuracy is
higher. However, there exists a peculiar phenomenon named
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capacity mismatch that excellent teachers can’t completely
teach the smaller students well. ESKD [32] first points out
the phenomenon and points out that teacher accuracy may
poorly predict the student’s performance, i.e., more accurate
neural networks don’t necessarily teach better. However, no
research so far has provided an accurate explanation or even
a quantitative definition for this phenomenon. Previous
works have only been made to propose solutions from
TAKD [33] solves this problem by

introducing an intermediate-sized network (i.e., the teacher

various perspectives.
assistant) to bridge the knowledge transfer between
networks with a large capacity gap. SCKD [34] formulates
KD as a multi-task learning problem with several knowledge
ResKD [35, 36] utilize the “residual" of
knowledge to teach the residual student, and then take the

transfer losses.

ensemble of the student and residual student for inference.
DIST [52] finds that the discrepancy between the student
and a stronger teacher may be fairly severe, which disturbs
the training process, and they propose a ranking-based loss
[53] advocates that an
checkpoint will be more appropriate for distillation. [54]

as the solution. intermediate
explores the strong teachers in few-shot learning. [55]
studies the effect of capacity gap on the generated samples in
data-free KD. Recently, [56] demonstrated that sharing the
same temperature between the teacher and student leads to a
logit shift, which is a side-effect in KD. One of our methods
is closely related to [31] that proposes Asymmetric
Temperature Scaling (ATS) to make the larger networks
teach well again. An improved version named
Instance-Specific ATS (ISATS) is proposed. Aside from this
method, we also propose other simple yet effective solutions
from different aspects.

3 Background and Preliminaries

We follow the basic notations as introduced in [31].
Specifically, we consider a C-class classification problem
with Y = [C] = {1,2,---,C}. We denote the “logits" as the
output scores of a sample x before applying the softmax
fx) € RC
Correspondingly, the softened probability vector is denoted
as p(x; 1) = SF(f(x); 7):

function, which 1is represented as

SF(f(x); 7) = exp (£(x)/7) /Z(7), (D

where Z(1) = ZiC: 1 €xp(fi(x)/7). fi(x) is a scalar which refers
to the logit of the i-th class in f(x). f, and p, denote the
ground-truth class’s logit and probability, while g = [f.]c+,

and q = [pclc+, represent the vector of non-ground-truth
classes’ logits and probabilities. y denotes the ground-truth
class.

The most standard KD [9] contains two stages of training.
The first stage trains complex teachers, and then the second
stage transfers the knowledge from teachers to a smaller
student by minimizing the KL divergence between softened
probabilities. Usually, the loss function during the second
stage (i.e., the student’s learning objective) is a combination
of cross-entropy loss and distillation loss:

C
¢=~(1-logpj(1) - A7 " pi(r) logpi(r),  (2)

c=1

6699

where the upper script “t”/*s” denotes “teacher”/“student”
respectively. We utilize 1 € [0, 1] as a hyperparameter to
balance the weights between the two training stages. The
dark knowledge in the above distillation equation is the
teacher’s label, i.e., p’(7). In this paper, we aim to study the
influence of teacher capacity on the teacher’s label. That is,
we majorly compare the relationships between p=e= and
pm! which are provided by a larger and a smaller teacher,
denoted as fiyge and fyman, TESPECtively.

The process of KD has the effect of improving the student
network’s performance when compared with its independent
training. An explanation for this improvement is that the
dark knowledge contained in larger teachers could help the
student better capture the semantic information. Commonly,
the training and test accuracy of fiue Will be higher than that
of fsman because the larger teacher has a huge capacity to
capture more information. Hence, to further improve the
performance of the student network, a natural idea is
replacing the smaller teacher (i.e., fyma) With a larger one
(i.e., farge). Frustratingly, this leads to a degradation in the
performance of the student network. This phenomenon is
named the ‘“capacity mismatch” in KD, which is still
counter-intuitive, surprising, and unexplored as declared in
previous studies [33, 34, 36].
multiple

This paper will propose
simple yet effective methods to tackle the
performance degradation problem.

4 Observations and Explanations

We first present two observations about the influence of
teacher capacities on dark knowledge. Then, we provide

explanations and metrics to better understand the findings.
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Fig. 1: Visualization of softened probability vectors. (Up) Results provided by smaller teacher on various datasets; (Bottom) Results
provided by larger teacher on various datasets. Each column’s two rows represent the same sample with the same temperature. The first bar
shows the ground-truth class while others are non-ground-truth classes. Two observations: (1) the non-ground-truth class probabilities
shown in the second row are less varied; (2) the relative class probabilities are nearly the same between the first and second rows.

4.1 Observations

An intuitive method to reflect the relationship of dark
knowledge produced by teachers with various capacities is
visualization. The first step is training teacher networks with
different capacities on several benchmarks. Specifically, we
train ResNetl4 and ResNetll0 [57] on the
CIFAR-10/CIFAR-100 dataset [37], ResNeXt50-32-4d and
ResNeXt101-32-8d [58] on the Stanford Dogs [59] and
CUB [60] dataset, and  WideResNet26-2 and
WideResNet50-2 [61] on the TinyImageNet [62] dataset. We
maximize the size difference between the two models on
each dataset to make the experimental effects more
pronounced. Then, for each dataset, a random sample is
sampled from the first class in the training set and the
softened probability vectors produced by different teachers
are visualized. Fig. 1 shows the results, where “RES",
“RNX", and “WRN" are abbreviations for corresponding
networks. The utilized temperature is common across the
subfigures. Comparing the first and second rows, it is
obvious that larger teachers provide less varied probabilities
for non-ground-truth classes. Although the variance of
non-ground-truth class probabilities differs a lot between
teachers, the relative probability values seem to be
consistent. For example, the several top-K bars between the
two rows lie nearly in the same classes. We conclude the two
fundamental observations as follows: (1) larger teachers
tend to produce probability vectors that are less distinct
among non-ground-truth classes, (2) teachers with different
capacities are basically consistent in their cognition of

relative class affinity. To further support these two
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Fig. 2: Visualization of extracted features by teachers with
increasing capacities. The first row shows the extracted 2-dim
features on MNIST, and the second shows the 3-dim features on
SVHN. The accuracy on the test set is also reported.

observations, we provide explanations and statistical

measures in the following.

4.2 The Variance of Non-ground-truth Class Probabilities

The explanations for the first observation are provided step
by step.

Low-dimensional features. First, we train MLP
networks on MNIST [63] and train VGG [64] networks on
SVHN [65].
classification tasks, and we set the final feature dimensions

These two datasets are relatively simpler

as 2 and 3 correspondingly for better visualization. We do
We
progressively enlarge the depth and width of MLP networks,

not use the bias parameters in the last layer.

and use the total number of parameters to denote the
network capacity. The capacity of MLP networks ranges
from 0.1M to 0.9M. The VGG capacities are determined by
the number of layers, which ranges from 8 to 19. We do not
use ReLU [66] activation for the final extracted features.
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These two datasets have 10 types of digits to identify, and
With the
capacity increases, the features of the same class are more

the extracted features are scattered in Fig. 2.

compact, while the class centers between different classes
are more dispersed. Notably, the larger networks do not
overfit the training dataset, because the test accuracy shown
in the figure still becomes higher. This implies that larger
DNNs obtain a higher performance but may extract more
compact intra-class features and more dispersed inter-class
features.

High-dimensional features. The above demos show
low-dimensional features that may not reflect the change in
high-dimensional space. Hence, we extend the findings to
CIFAR-10 and CIFAR-100, on which we train a series of
ResNet, WideResNet, and ResNeXt networks. Because the
high-dimensional features are hard to visualize and the
dimensional-reduced plots by T-SNE [67] are sensitive to
hyper-parameters, we instead calculate several metrics to
indirectly verify the change of feature compactness.
Specifically, we calculate the feature angle as follows:

A, ) = arccos(ﬂ) 3)
| (I lithyl1 )

where h; and h; are feature vectors of the i-th and j-th

Then, we define the inter-class and

(@, Dlyi=y,vij {(@, Dhyity; i

respectively. The average and standard deviation of angles in

training sample.
intra-class  set as and
the two sets are plotted in Fig. 3. If the teacher becomes
more complex, the inter-class feature angle becomes smaller,
while the intra-class angle becomes larger. Notably, we use
ReLU
implying that all of the elements in the extracted features are

[66] activation before the classification layer,

non-negative. This could already provide some hints for the
capacity mismatch phenomenon. As an extreme case, if the
features among the same class collapse into a single point,
and features among different classes are orthogonal to each
other, the inter-class feature angle will be zero and the
intra-class one will be 90°. Although the training and test
accuracy will be 100%, the softened probabilities may be
one-hot labels, which bring no additional information to the
student. An illustration and more detailed discussion can be
found in Sect. 7. The inter-class and intra-class distance
metrics utilized in linear discriminant analysis [68] or
unsupervised discriminant projection [69] show the same
trend. We omit the display of the results based on these
distance metrics because the trends of feature angles are
vivid enough to show how the feature compactness changes.

Visualizaion of classes. According to the softmax

Feare Angle  (a) ResNet (b) WideResNet () ResNeXt
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Fig. 3: The change of inter-class and intra-class feature angle under
different teachers. (a) ResNet teachers; (b) WideResNet teachers;
(c) ResNeXt teachers

Small Teacher

Larger Teacher

Fig. 4: Illustration of the classification layer with different feature
compactness. The larger teacher may give a larger ground-truth
logit or less varied non-ground-truth logits.

properties in classification problems, the classification
weight of each class is pulled towards the features from the
same class while pushed away from the features of other
classes [70]. That is, the change tendency of features could
partially reflect the tendency of classification weights in the
final layer. An ideal case is that the learned classification
weights converge to the feature centers. If the intra-class
feature angle becomes larger, the feature of a specific sample
will be far away from the classification weights of the other
classes. Similarly, the feature of a specific sample will be
closer to the corresponding class’s classification weight.
This will lead to a larger logit for the ground-truth class. If
the intra-class features are nearly orthogonal, the logits for
non-ground-truth classes will be less varied. The illustration
can be found in Fig. 4, where the larger teacher extracts
more compact inter-class features and more dispersed
intra-class features. The triangle represents a sample feature
in the 1-st class, and the larger teacher tends to give a larger
fi =
non-ground-truth class logits (i.e., g = [hTWC]Ce{2,3’4’5|). A

target logit (i.e., h”w;) and less varied
larger target logit or less varied non-ground-truth class logits
will both lead to less varied non-ground-truth class

probabilities after applying softmax function [31].
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Fig. 5: The predicted top-K class set overlap of a smaller and a
larger teacher network on two datasets. (Left) CUB dataset; (Right)
TinyImageNet dataset

The step-by-step analysis and visualization provide
explanations for the first observation that larger teachers
tend to produce probability vectors that are less varied
between non-ground-truth classes.

4.3 The Relative Class Affinities

The second observation in Sect. 1 implies that the relative
probability values given by different teachers seem to be
consistent. Hence, we explore this observation further
through several quantitative metrics. The intuitive idea is to
explore whether different teachers give the same top-K
predictions or not. Specifically, we train a smaller teacher
fsman and a larger teacher fj,c On the same dataset. Then, we
calculate the predicted top-K classes for the i-th training

Harge

sample, and denote the predicted class sets as C;%* and
C[““"“ respectively. We denote ICtlarge N Cts"‘a“l as the number
of overlapped classes. Then we show the distribution of the
number of overlapped classes when considering different K.
Fig. 5 displays the results on CUB and TinyImageNet. The
percentages in the figure show how many data samples have
the number of overlapping classes corresponding to the
values of the y-axis. Considering the top-3 predicted classes
of ResNeXt50-32-4d and ResNeXt101-32-8d on CUB, there
are 21.6% training samples that have 3 common predicted
classes, and 56.4% training samples that have 2 common
predicted classes. If we consider top-8 predicted classes,
there are nearly 69.4% training samples that have at least 5
common predicted classes. This implies that different
teachers indeed have a great deal of consistency in top-K
class recognition.

Then, we define several specific metrics to further explore
the consistency. The first metric is named the rank set overlap

ratio, which is calculated as follows:

it 1) = ICl N CEI/K, @)

Rank Set Overlap Ratio 100 Spearman Correlation 100 Kendall's Tau 100
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Fig. 6: Several magnitude-agnostic metrics that measure the
consistency of relative class affinities between teacher networks
with various capacities. (Left) Rank Set Overlap Ratio; (Middle)
Spearman Correlation; (Right) Kendall’s Tau

where t;, t, denote teachers. The second metric is the
Spearman correlation. It first obtains the rank of all classes

in the output logits of two teachers, i.e., Rl = argsort(f)),

t € {t1,}. Then, it calculates the Pearson correlation as
follows:
i (Ril; - R_il) (R?] - R_?)
pi(t1, 1) = , 9

2 —_—\2
C t t C L5 t
\/ L1 (Ri,lj a Ril) J=1 (Rt,zj B Riz)
where j is the index of class and R_f means the average of
the elements in R;. Finally, we calculate Kendall’s 7 between
f;‘ and ffz, which directly shows the rank correlation of two
teachers. The formulation is:

7t ) = C(C 5 Z sg(fn — £ )sg(£2 —£2). (©)
Ji1<j2

where j; and j, show the index of classes. C is the number

of classes, and sg(-) returns 1 or -1 depending on whether the

input is positive or not. These three metrics only depend on

classes’ relative magnitudes and are irrelevant to the

The metrics are calculated on CIFAR-10

under a series of ResNeXt networks. We set K = 5 for the

absolute values.

rank set overlap metric. The above equations only show the
metrics on a single training sample, and we report the
average result on 50K training samples. The results are in
Fig. 6.

different capacities do not vary a lot, and the Spearman

Excitingly, these metrics among teachers with

correlations are almost all larger than 0.85. According to the
interpretation of Kendall’s 7 [71, 72], if the smaller teacher
predicts that class j; is more related to the target class than
that of class j,, then the larger teacher has a probability of
0.875 to give the same relative affinity. Certainly, the output
logits of different networks are not completely identical in
order, even for the same networks under different training
randomness [73, 74].
teachers know approximately the same about relative class

These metrics demonstrate that

affinities.



Front. Comput. Sci.

ResNet14 CAK JECRK ]
0.25
ResNet110 e | @ L]
0.20
WRN28-1 o0 [ )
0.15
WRN28-8 . . . . . . . . . . . . . .
0.10
ResNeXt29-4-4d . [ ] . (] . . . . . . . .
0.05
ResNeXt29-64-4d . . . . . . . . . B . . .
0.00
0.30
ResNet14 . . . - ®| - ) .
0.25
ResNet110 . . . [ 1K) . . . . .
0.20
WRN28-1{ - | = [ - [ - | - @le|-|]|: .
0.15
WRN28-8 . .
o 0.10
ResNeXt29-4-4d . Y .
= 0.05
ResNeXt29-64-4d ® | o
. 0.00
— 0.30
ResNetl41 - . . . . ° _/
= 0.25
ResNet110 - . ° D .
= 0.20
WRN28-14 - [ o | e | o | - | | | |- .|l®
0.15
WRN28-84 « | « | e | | | | |- 0| o] o] e
0.10
ResNext29-4-4d4 - . . . . . . . . . e | ® .
0.05
ResNeXt29-64-4d . . . . . . . . . . @ o . °
0.00
R o. SRS SR S N @ S
0‘6‘\6 N ({\\é‘e‘@\\q‘@@%@ @o&’ «;o" 4\@ &\“ @@Q i Qa\‘o & &
N

&

Fig. 7: The group classification on CIFAR-100. Each row shows
the averaged posterior distribution given by a specific network.
Circle size and color map determine the value. The three subfigures
show results of fine-grained class “orchids", “hamster", and
“maple", respectively, which belong to the superclass “flowers",
“small mammals", and “trees". The x-axis shows the 3 x 5 = 15
fine-grained classes in the three superclasses.

4.4 Verification by Group Classification

During training, the cross-entropy loss minimizes the
divergence between the predicted posterior distribution and
the empirical one-hot label distribution. Although one-hot
labels do not capture class relationships, the posterior
distribution does. The teacher network’s probability vector,
p’, inherently represents this distribution, serving as an
alternative that may help the student learn class affinities.
However, since the true posterior distribution for each
sample is unknown, it is difficult to ascertain which teacher’s
label is superior.

While precise posterior distribution assignment per
training sample remains challenging, group classification
CIFAR-100

contains 100 categories, which contain 20 superclasses and 5

scenarios offer valuable inter-category priors.

classes for each superclass . For example, the superclass

“flowers" contains five fine-grained classes including
“orchids", “poppies", “roses", “sunflowers" and “tulips".
One hypothesis is that categories in the same superclass are
We train different teachers

ResNeXt29-64-4d) on

more similar to each other.

(ranges from ResNetl4 to

Dhttps://www.cs.toronto.edu/~kriz/cifar.html

CIFAR-100 and find that the hypothesis holds true for most
superclasses. Fig. 7 presents averaged posterior distribution
on three superclasses: “flowers", “small mammals", and
“trees". For each superclass, we select its first fine-grained
class as the target label, i.e., “orchids", “hamster", and
“maple". For each target label, we obtain its corresponding
training samples, i.e., 500 samples for each. We calculate
the averaged probabilities via Ey,-.[p'(x; 7)] (r=4.0) for ¢
being one of the three target classes. The circle size and
color map represent the probability value. Key observations:
(1) Target classes exhibit stronger affinity to intra-superclass
members across all networks; (2) Relative intra-group
probabilities maintain cross-architectural consistency. For
example, different teacher networks agree that fine-grained
classes “oak" and “willow" are more relevant to the target
category “maple", while “palm" is less relevant. (3)
Probability variance decreases with increasing model
capacity, evident from diminishing circle size differences in
deeper networks. For example, the difference in circle sizes
in the last row is much smaller than that in the first row,
which behaves similarly in each subfigure.

Then we provide some rules that define the similarity
between classes. For example, the rule “c;: ¢3, ¢3, ¢4, cs5"
represents that a sample in class ¢; is predicted with the
following rank: p,, > pPc, > Pe; > Pe, > Pe- 1f @ network
gives the rank as “cj, c3, 2, ¢4, ¢s", then the Kendall’s 7
between the prediction and the rule is 0.8. To measure the
absolute difference in the predictions of non-ground-truth
classes, we also calculate the standard deviation of the
probabilities, i.e., 0 ([Pe,s Pess Pes> Pes |)- The following lists
the rules defined in CIFAR-100:

o C.1: hamster: mouse, rabbit, squirrel, shrew

o C.2: orchids: tulips, roses, poppies, sunflowers

o C.3: maple: oak, willow, pine, palm

o C.4: dolphin: whale, seal, otter, mammals beaver

o C.5: apples: sweet peppers, oranges, pears, mushrooms

These rules are derived from the averaged posterior
probability distributions in Fig. 7. For simplicity, we only
consider intra-superclass relationships. We further construct
a group classification task using five digit recognition
datasets: MNIST, MNIST-M, USPS, SVHN, and SYN. We
denote this as Digits-Five, which is often used in domain
adaptation tasks [38] or task relationship estimation [75].
The construction process is simple where we only centralize
the data together and obtain a task with 5 x 10 = 50 classes.
Based on transfer performance analyses and task relation
coefficients from existing research [38, 75], we abstract



several rules as follows:

o D.1: MNIST@c: USPS@c, SVHN@c
o D.2: MNIST@c: MNISTM@c, SYN@c
o D.3: USPS@c: MNIST@c, MNISTM@c, SVHN@c

MNIST@c represents the c-th class in MNIST, and others
are defined similarly. Each of the above rules contains a
group of fine-grained rules if we set ¢ € {0, 1,--- ,9}. Hence,
the averaged results across the fine-grained ones are reported
for each rule.

While these rules may not apply to every sample, they
may provide an approximate estimation of a sample’s true
posterior distribution. Table 1 presents the results for
Kendall’s 7 and the standard deviation of probabilities for
non-ground-truth classes. The consistency of teacher outputs
with the defined rules shows little variation; in the simpler
Digits Five task, the predicted ranks are nearly identical
(with Kendall’s T approaching 1.0). However, larger teachers
yield much smaller standard deviations than smaller ones,
indicating less variability among non-ground-truth classes.
These experiments on group classification further validate
the initial observations in Sect. 1.

Table 1: The consistency between the ranks predicted by different
teachers with the defined rules and the standard deviation of the
non-ground-truth class probability values.

Kendall’s 7 Standard Deviation
CIFAR-100
ResNet20 ‘ ‘WRN28-3 ‘ RNX29-64-4d ResNet20 ‘ ‘WRN28-3 ‘ RNX29-64-4d
C.1 | 0.811] 0.845 | 0.842 | 0.023| 0.010 | 0.007
C2 | 0.596] 0.513 | 0.430 | 0.017| 0.005 | 0.004
C3 | 0436] 0444 | 0.525 | 0.036| 0.015 | 0.010
C4 | 0.776] 0.824 | 0.849 | 0.026| 0.012 | 0.010
C5 | 0.593] 0.658 | 0.587 | 0.024| 0.009 | 0.007
Avg | 0.643| 0.657 | 0.647 | 0.025| 0.010 | 0.008
.. Kendall’s 7 Standard Deviation
Digits
VGG8 ‘ VGG13 ‘ VGGI19 VGG8 ‘ VGGI13 ‘ VGGI19
D.1 | 0.994| 0.996 | 0.993 | 0.008| 0.004 | 0.003
D.2 | 0.991| 0.999 | 0.998 | 0.010| 0.007 | 0.005
D.3 | 0.904| 0.870 | 0.910 | 0.009| 0.009 | 0.007
Avg | 0.963| 0.955 | 0.967 | 0.009| 0.007 | 0.005

5 Addressing Capacity Mismatch

As introduced in Sect. 3, the “capacity mismatch” refers to
the phenomenon that larger networks may not teach students
as well as smaller teachers [31-33, 35, 36]. The above
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observations show that the relative class affinity between the
larger teacher and smaller teacher’s outputs are basically
consistent, while the absolute probabilities between
non-ground-truth classes are not so discriminative for larger
teachers. Hence, our proposed methods aim to enhance the
distinctness between non-ground-truth class probabilities
from different perspectives. The relative class affinity we
observed ensures the correctness and effectiveness of our

methods.

5.1 Fusing Global Class Relations (FGCR)

For each class ¢, we calculate the averaged probabilities via
Ex,=c[p(x; 70)], and advocate that this captures the global
relationships among classes. According to Fig. 7, the global
relationships given by different teachers are similar in
relative values, which may be useful for stable distillation.
Hence, we fuse this to each training sample of the c-th class
as follows:

Px; 1) = (1.0 — a)p(x; 7) + @ * Exy—[p(x;70),  (7)

where « is the hyper-parameter. The relative class affinity
suggests that small teacher can be regarded as a form of
label smoothing (LS) for the large teacher, as both ensure
consistency in the rank order of classes’ probabilities.
Currently, the large teacher exhibits an overly one-hot
output, necessitating LS to increase the variance of
non-ground-truth class probabilities. Although LS can hurt
knowledge KD [46], [76] demonstrates that label smoothing
is compatible with KD at lower temperatures. Therefore, we
set 79 < 7. As shown in Fig. 7, the averaged probability
distribution provided by larger networks still shows less
varied values among non-ground-truth classes, which may
limit the effectiveness of this method. Hence, we only
provide this method as a trial, and it is not the focus of our
paper. In fact, the performances of FGCR could surpass the
distillation performance of a smaller teacher, while it is still

worse than other advanced techniques as shown in Tab. 2.

5.2 Regularizing Teachers (RegT)

During the phase of training teachers, we add the following
regularization to enhance the variance of non-ground-truth
class probabilities:

€x,y) = Lee(x,y) + B (py(x: 1.0) — o(q(x; 1.0)),  (8)

where q(x;1.0) = [p(x; 1.0)].+, and B is the coefficient of
the regularization term. Equation (8) explicitly encourages
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teacher network to decrease the influence of the ground-truth
class and enhance the distinctness of non-ground-truth
classes. Different from other post-processing methods, this
way could enhance the variance of non-ground-truth class
probabilities in the stage of training teachers, which could
provide an excellent initialization for distillation.

5.3 Instance-Specific Asymmetric Temperature Scaling
(ISATS)

The previous work [31] proposes the approach named
asymmetric temperature scaling (ATS) to tackle the capacity
mismatch in KD. ATS applies different temperatures to the
logits of ground-truth and non-ground-truth classes, i.e.,

Pe(r1,m2) = exp (/7)) ). exp(Ei/7;), )

JelCl]
where 7; = 7y for j = yand 7; = 7, for j # y. The
This could
effectively make the larger networks teach well again, but

recommended setting is 7, — 72 € [1,2].

the effort in searching for proper hyper-parameters of 7; and
7, is huge.

As a step further solution, we extend ATS to
Instance-Specific ATS (ISATS) that searches for proper
temperatures for each training sample. Given a training
sample x, the predicted logit vector is f(x), and the optimal
temperature that could enlarge the variance of softened

non-ground-truth classes’ probabilities is:

T*(x) = arg max v(q(x; 7)), (10)
where q(x;7) denotes the probability vector of
non-ground-truth  classes in teacher network, i.e.,

q(x;7) = [p(X; 7)]exy and p(x;7) = SF(f(x); 7). It is noted
that, according to relative class affinity, enlarging the teacher
model does not alter the rank order among non-ground-truth
classes. Consequently, all non-target classes share the same
7, eliminating the need to apply different 7 values across
classes. v(-) calculates the variance of the elements in a
vector. That is, the optimal temperature for each instance is
searched to make the probabilities of non-ground-truth
classes more distinct. Then, we set 71(x) = 7* + 1 and
72(x) = T as recommended by ATS [31]. Equation (10) has
no closed-form solution. So like ATS, ISATS still requires
manual search to ensure an appropriate temperature.
Nevertheless, ISATS has two advantages over ATS. First,
ISATS saves the effort of finding the proper value of 7, and
7. ATS requires performing multiple distillation processes

and comparing the experimental results at different

temperatures to determine proper 7. In contrast, ISATS can
directly compute 7* based on (10) in advance, eliminating
the need for comparative distillation experiments. Second,
ISATS considers a more fine-grained way to release the
discriminative information contained in wrong classes for
each training sample. In summary, ISATS is an all-around
improvement over ATS.

6 Performance Comparisons

This
addressing capacity mismatch in KD. The experimental

section provides performance comparisons of
studies follow the settings in [31] and utilize the publicly
available code ». We directly cite some experimental results
for comparisons. Specifically, the utilized datasets are
CIFAR-10/CIFAR-100 [37], TinyImageNet [62], CUB [60],
and Stanford Dogs [59].

significantly larger than their corresponding student models

We choose teacher models

as we do in Section 4. Teacher networks include versions of
ResNet [57], WideResNet [61], and ResNeXt [58]. Student
networks are VGG [64], ShuffleNetV1/V2 [4, 5],
AlexNet [77], and MobileNetV2 [3]. We train networks on
corresponding datasets for 240 epochs. SGD optimizer with
a momentum value of 0.9 is used. The learning rate is 0.05
by default, and the batch size is 128. For our proposed
FGCR, we set 79 = 7 — 1 and @ € {0.1,0.5}, and the best
results are reported. For RegT, § is searched in {0.01,0.001}.
For ISATS, we search for the best temperature for each
instance in the scope of {1.0,2.0,3.0,4.0,5.0, 6.0, 8.0}. The
distribution of the optimal instance-specific temperatures on
CIFAR-100 is as follows: 4.0 accounts for about 31%, 5.0
accounts for about 27%, 3.0 accounts for about 22%, and
others account for 20%.

6.1 Performance Comparisons

We compare with SOTA methods and list the results on
CIFAR-100, TinyImageNet, CUB, and Dogs in Tab. 2. The
compared methods include ESKD [32], TAKD [33],
SCKD [34], and ATS [31]. NoKD trains students without
the teacher’s supervision. ST-KD trains students under the
guidance of a smaller teacher. KD trains students under the
guidance of the larger teacher. The larger teachers are
ResNet110, WRN50-2, RNX101-32-8d, and RNX101-32-8d
for the four datasets, while the smaller teachers are
ResNet20, WRN26-2, RNX50-32-4d, and RNX50-32-4d,

2 https://github.com/lxcnju/ATS—LargeKD
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Table 2: Performance comparisons of addressing capacity mismatch in KD. The last three rows are our methods.
Dataset CIFAR-100 TinylmageNet CUB Stanford Dogs
Teacher ResNet110 (74.09) WRNS50-2(66.28) RNX101-32-8d (79.50) | RNX101-32-8d (73.98) | Avg
Student VGG [ SFV1 [ MV2 | ANet [ SFV2 [ MV2 | ANet [ SFV2 [ MV2 | ANet [ SFV2 [ MV2
NoKD 69.92 | 70.04 | 64.75 | 34.62 | 4579 | 52.03 | 55.66 | 71.24 | 7449 | 50.20 | 68.72 | 68.67 | 60.51
ST-KD 7230 | 73.22 | 66.56 | 36.16 | 49.59 | 52.93 | 56.39 | 72.15 | 76.80 | 51.95 | 69.92 | 72.06 | 62.50
KD 71.35 | 71.86 | 6549 | 35.83 | 48.48 | 52.33 | 55.10 | 71.89 | 76.45 | 50.22 | 68.48 | 71.25 | 61.56
ESKD 71.88 | 72.02 | 6592 | 3497 | 48.34 | 52.15 | 55.64 | 72.15 | 76.87 | 50.39 | 69.02 | 71.56 | 61.74
TAKD 7271 | 72.86 | 66.98 | 36.20 | 48.71 | 52.44 | 54.82 | 71.53 | 76.25 | 50.36 | 68.94 | 70.61 | 61.87
SCKD 70.38 | 70.61 | 64.59 | 36.16 | 48.76 | 51.83 | 56.78 | 71.99 | 75.13 | 51.78 | 68.80 | 70.13 | 61.41
DIST 71.22 | 71.10 | 65.01 | 3595 | 45.75 | 50.56 | 48.88 | 71.79 | 75.34 | 49.85 | 67.69 | 68.97 | 60.18
KD+ATS 7231 | 73.44 | 67.18 | 37.42 | 50.03 | 54.11 | 5832 | 73.15 | 77.83 | 52.96 | 70.92 | 73.16 | 63.40
KD+FGCR | 7199 | 72.42 | 66.39 | 35.70 | 48.35 | 53.25 | 60.22 | 73.63 | 79.44 | 51.84 | 70.45 | 72.98 | 63.05
KD+RegT 72.09 | 7239 | 66.18 | 36.66 | 48.48 | 53.31 | 60.17 | 74.20 | 79.21 | 52.18 | 70.55 | 72.43 | 63.15
KD+ISATS | 7246 | 73.80 | 67.04 | 37.15 | 49.61 | 5549 | 61.73 | 74.23 | 78.84 | 54.36 | 70.98 | 72.73 | 64.04
Table 3: Ensemble performance comparisons of addressing capacity mismatch in KD. The last three rows are our methods.
Dataset CIFAR-100 TinyImageNet CUB Stanford Dogs
Teacher ResNet110 (74.09) WRNS50-2(66.28) RNX101-32-8d (79.50) | RNX101-32-8d (73.98) | Avg
Student VGGS [ SFV1 [ MV2 | ANet [ SFV2 [ MV2 | ANet [ SFV2 [ MV2 | ANet [ SFV2 [ MV2
NoKD Ens 72.77 | 73.61 | 67.76 | 39.37 | 50.69 | 56.40 | 59.84 | 74.43 | 77.47 | 54.04 | 71.65 | 72.53 | 64.21
ResKD 73.89 | 76.03 | 69.00 | 38.66 | 51.93 | 57.32 | 62.60 | 75.29 | 76.27 | 54.68 | 70.73 | 72.85 | 64.94
KD+ATS+Ens 74.86 | 75.05 | 69.50 | 40.42 | 52.14 | 58.47 | 62.00 | 76.26 | 78.97 | 55.69 | 73.22 | 74.67 | 65.94
KD+FGCR+Ens | 73.69 | 74.76 | 68.22 | 39.20 | 52.71 | 56.44 | 61.94 | 76.84 | 80.37 | 54.25 | 72.70 | 74.83 | 65.50
KD+RegT+Ens 74.88 | 7495 | 68.45 | 39.37 | 53.78 | 57.35 | 62.11 | 75.64 | 80.82 | 55.03 | 72.73 | 7425 | 65.78
KD+ISATS+Ens | 74.55 | 7443 | 68.61 | 40.25 | 53.18 | 58.78 | 63.82 | 75.07 | 80.87 | 56.62 | 73.53 | 75.30 | 66.25

respectively. The values in “()” display the test accuracy of
the large teachers. The last column of the table shows the
average performance of corresponding rows. The last three
rows present the performances of our proposed algorithms.
These methods could improve the performances of students
when taught by a larger network and surpass that of KD and
ST-KD, which verifies that enhancing the variance of
non-ground-truth classes could indeed make larger networks
teach well again. Although dataset bias exists in a few
circumstances, the proposed ISATS could achieve the SOTA
results when compared with ATS. It is easy to understand
that ISATS searches for optimal temperatures in an
instance-specific manner, which could enhance the variance
of non-ground-truth class probabilities more effectively. The
two methods presented in Sections 5.1 and 5.2 are also
meaningful. RegT belongs to the pre-processing method that
enhances the variance of non-ground-truth classes during the
phase of training teachers, which also presents good

performances. RegT does not directly affect the teacher

model’s error class variance like ATS, so its performance is
not as good as ATS. However, together with ESKD [32], it
indicates that a more suitable teacher is benefical to KD
performance improvement and provides a simple and
effective method for teacher regularization. Similarly, the
performance improvement of FGCR is less pronounced than
ATS, but it indirectly supports the rationale for moderate LS.
The experimental data for these two methods, from the
perspective of wrong-class variance that we introduced,
demonstrate the validity of previous works that tried to
address capacity mismatch.

We also verify the ensemble performances after
distillation because ResKD [35, 36] improves the students’
performances by introducing the residual student and taking
Although ResKD

surpasses the performance of ATS, this comparison is not

the two residual students’ ensemble.

fair. Hence, we also provide ensemble performances of two
separately trained students under different initialization and

training seeds. For a fair comparison, we also test the
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Fig. 8: Distillation results via TS, ATS, and ISATS on CIFAR-100.
(a)ResNet teachers;(b)WideResNet teachers;(c)ResNeXt teachers

performances of our methods by repeating the
corresponding algorithms two times and making predictions
via the ensemble of the obtained two student networks. The
results are listed in Tab. 3. Clearly, our proposed ISATS
could also achieve better performances when compared with

ATS and other methods.

6.2 Comparing ISATS with TS and ATS

We then especially focus on the comparison of ISATS with
TS and ATS. Specifically, we follow the experimental
settings in [31] and additionally plot the performance curves
when utilizing our proposed ISATS. Fig. 8 shows several
pairs of KD experimental studies, which include the
combinations of three series of teacher networks (i.e.,
ResNet, WideResNet, and ResNeXt) and three student
networks (i.e., VGGB8, ShuffleNetV1, and MobileNetV2).
The utilized dataset is CIFAR-100. Each plot shows three
curves, including TS (i.e., KD), ATS (i.e., KD+ATS), and
ISATS (i.e., KD+ISATS).

increasing capacity of teachers. The curves of TS imply that

The x-axis represents the

the student’s performance taught by teacher networks
becomes worse when the teacher capacity increases, i.e., the
ATS could mitigate this
phenomenon and make larger teachers teach well or better

capacity mismatch phenomenon.

again. Our proposed ISATS has the same effect and could
surpass ATS in most cases.

Fig. 8 further demonstrates that ISATS can achieve
superior KD performance with a given teacher model size,
avoiding the substantial effort required to find an appropriate
teacher model in the situation of TS. Notably, ISATS
outperforms ATS in distillation performance, particularly
when the teacher model is large.
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Fig. 9: The teacher’s label under different levels of confidence. The
dark knowledge provided by the teacher with proper confidence is
preferred for reaching the highest derived variance (variance of
probabilities of non-ground-truth classes).

7 Discussion

This paper explores the influence of teachers’ capacity on
their provided distillation labels, i.e., the dark knowledge in
KD. A larger teacher may be over-confident and provide
probability vectors that are less discriminative between
non-ground-truth classes. If we view the capacity as an
influencing factor of the confidence level, then we could
In fact, the

confidence level is related to the following factors.

abstract the illustration shown in Fig. 9.

o Network Capacity. This paper mainly explores this
factor. An extremely smaller network tends to provide
uniform predictions, while an extremely larger network
provides “one-hot" ones.

e Training Process. With the training process of a

network, it becomes more and more confident. In the

beginning, it is ignorant and provides uniform
predictions. After enough training steps, it may output
“one-hot" vectors. That is, a proper training level of
teachers also matters a lot in the KD process. Some
works have pointed out that intermediate model
checkpoints could be better teachers than the fully
converged model [53].

o Temperature Factor. Given a trained network, we

could also adjust the temperature and obtain different

types of probability vectors. If we take a very high
temperature, the distribution becomes uniform. In
contrast, a lower temperature leads to “one-hot" results.

Consequently, traditional KD methods do not use a

too-small or too-large temperature [9].

As shown in Fig. 9, a proper confidence level could
generate a rational probability distribution that facilitates the
KD process. Our work points out why the teacher with high
capacity does not perform well in KD and proposes several
solutions to adjust their over-confident outputs.
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8 Conclusion

This paper studies the dark knowledge in KD under various
teacher capacities. Two observations are first presented, i.e.,
the probability vectors provided by larger teachers are less
distinct among non-ground-truth classes, while the relative
probability values seem consistent among different teachers.
Abundant experimental studies are provided to explain these
two observations. The less varied non-ground-truth class
probabilities make the student hardly grasp the absolute
affinities of non-ground-truth classes to the target class,
leading to the interesting ‘““capacity mismatch” phenomenon
in KD. Multiple effective and simple solutions are proposed
to solve this problem. Finally, a unified perspective about
dark knowledge under various confidence levels is provided
for future studies.
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