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Abstract
Knowledge distillation, where a small student model learns from a pre-trained large teacher model,
has achieved substantial empirical success since the seminal work of (Hinton et al., 2015). Despite
prior theoretical studies exploring the benefits of knowledge distillation, an important question
remains unanswered: why does soft-label training from the teacher require significantly fewer neu-
rons than directly training a small neural network with hard labels? To address this, we first present
motivating experimental results using simple neural network models on a binary classification prob-
lem. These results demonstrate that soft-label training consistently outperforms hard-label training
in accuracy, with the performance gap becoming more pronounced as the dataset becomes increas-
ingly difficult to classify. We then substantiate these observations with a theoretical contribution
based on two-layer neural network models. Specifically, we show that soft-label training using gra-
dient descent requires only O

(
1

γ2ϵ

)
neurons to achieve a classification loss averaged over epochs

smaller than some ϵ > 0, where γ is the separation margin of the limiting kernel. In contrast, hard-
label training requires O

(
1
γ4 · ln

(
1
ϵ

))
neurons, as derived from an adapted version of the gradient

descent analysis in (Ji and Telgarsky, 2020). This implies that when γ ≤ ϵ, i.e., when the dataset
is challenging to classify, the neuron requirement for soft-label training can be significantly lower
than that for hard-label training. Finally, we present experimental results on deep neural networks,
further validating these theoretical findings.
Keywords: Knowledge Distillation, Projected Gradient Descent, Model Compression

1. Introduction

Knowledge distillation is a popular technique for training a smaller ‘student’ machine learning
model by transferring knowledge from a large pre-trained ‘teacher’ model. A lightweight machine
learning model is useful in many resource-constrained application scenarios, such as cyber-physical
systems, mobile devices, edge computing, AR/VR, etc. due to several reasons such as limitations
in memory, inference speed, and training data availability. Knowledge distillation has been proven
to be a powerful solution for these challenges through model compression (Hinton et al., 2015; Bu-
ciluundefined et al., 2006; Gou et al., 2021b). Among the various methods of knowledge distillation
(Gou et al., 2021a), one prevalent approach involves using the teacher model’s output logits as soft
targets for training the student model. Specifically, smaller models trained with well-designed soft
labels demonstrate competitive performance compared to more complex models trained with origi-
nal (hard) labels. This method and its variants have been shown to be effective in many settings such
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as object detection (Chen et al., 2017), reinforcement learning (Xu et al., 2020) and recommendation
systems (Pan et al., 2019).

The empirical success of knowledge distillation has motivated many theoretical studies that aim
to understand why training with soft-labels from the teacher is more effective than training with
hard-labels directly. However, to the best of our knowledge, prior works (reviewed in the Related
Work subsection later) do not explain why, when training a neural network, soft-label training can
succeed with much fewer number of neurons than hard-label training. To the best of our knowledge,
this work is the first to provide theoretical insight into this phenomenon.

Our contributions in this paper can be summarized as follows:

1. As the motivation to understand why knowledge distillation is effective, we first present (in
section 2) a few experimental observations using a simple model: a 2-layer fully connected
neural network with ReLU activation trained for binary classification on a dataset derived
from MNIST, trained via projected gradient descent. We observed that for small neural net-
works, soft-label training reaches higher accuracy than hard-label training. While this is a
well-known phenomenon, to understand the conditions under which soft-label training is re-
ally effective, we considered two versions of the dataset, one in which there were more digits
and the other where there were fewer digits. We observed that the the performance gain due
to soft-label training becomes more significant when the dataset is difficult to classify (i.e.,
the one with more digits) red(can we add more experiments on the two-layer neural network).
Our theoretical models and results are motivated by these experiments and explain these ex-
perimental observations.

2. We theoretically analyze the training dynamics of a 2-layer neural network student model.
Assuming access to the soft labels provided by the infinite-width teacher (which can be mod-
eled by the limiting kernel of the neural network), we train the student to minimize the cross-
entropy loss to the soft labels. We show that soft-label training using projected gradient de-
scent requires O

(
1

γ2ϵ

)
neurons to achieve a classification loss averaged over epochs smaller

than ϵ, where γ is the separation margin of the limiting kernel. For the hard label setting,
we adapt the gradient descent results of (Ji and Telgarsky, 2020) to our projected gradient
descent framework, which requires O(1/γ4) neurons. This result highlights the superiority
of soft-label training in terms of neuron efficiency, particularly in challenging classification
scenarios when γ is very small.

3. Finally, we perform experiments on deep learning models with real-world datasets. Our ex-
periments confirm that the above insight is not only valid for shallow 2-layer networks, but
also deeper networks like VGG and ResNet.

1.1. Related Work

There are many papers that aim to explain different aspects of knowledge distillation. In this section,
we focus on reviewing the works that contributes to the theoretical understanding of knowledge
distillation.

A few prior works focus on linear models using the cross-entropy loss for the distillation ob-
jective. (Phuong and Lampert, 2021) assumes that both the student and teacher models are of the
form f(x) = w⊤x, where w is the weight vector of the student network, x is the input vector, and
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f(x) is the output. They show that, under certain conditions, the student model converges to the
same weight vector as the teacher model. (Ji and Zhu, 2020) extends this result to NTK-linearized
deep networks, where the width of the student network approaches infinity. Similarly, (Panahi
et al., 2022) demonstrates that the predictions from a neural network trained with soft labels from
a teacher network match those from the teacher when the student is an extremely wide two-layer
neural network.

(Das and Sanghavi, 2023) study a similar setup but highlight that self-distillation can mitigate
the impact of noisy data. On the other hand, (Mobahi et al., 2020) explain the benefits of self-
distillation through improved regularization, focusing on fitting a nonlinear function to training data
within a Hilbert space.

However, to the best of our knowledge, none of these studies address the central question of
whether soft-label training enables the use of significantly fewer neurons compared to hard-label
training, which is the primary focus of our paper. A significant limitation of these linear models
is that they require the student and teacher to share the same feature representations. While this
assumption may be reasonable for self-distillation, it fails to capture the fundamental principle of
model compression, where the student model is often much smaller and has a different feature space
than the teacher.

Another line of work explores the benefits of knowledge distillation by arguing that distillation
primarily acts to reduce the variance of the empirical risk relative to training with hard labels,
thereby improving generalization performance. (Menon et al., 2020) argue that using Bayes class
probabilities as targets, instead of hard labels, reduces the excess risk associated with the function
set learned by the student, leading to better generalization. Similarly, (Zhou et al., 2021) propose
that soft labels provide a bias-variance trade-off in the cross-entropy loss for the student.

However, despite the simplicity of their approaches, both (Menon et al., 2020) and (Zhou et al.,
2021) focus only on the excess risk component of the generalization error and do not provide in-
sights into the training dynamics or behavior of the student during learning.

In summary, prior works do not address the following question: why does distillation using soft
labels from a teacher lead to good performance using a smaller neural network compared to training
with hard labels? Answering this question is the main focus of our paper.

2. Preliminary Experimental Observations

In this section, we present preliminary experimental observations on the training of a two-layer
neural network student model using both ground truth hard labels and soft labels generated by a
larger teacher network. For the experiments summarized in Table 2, we perform binary classification
on the MNIST dataset, where digits greater than 4 are labeled as class 1 and others as class 0.

Two configurations of the MNIST data are considered:

1. Full dataset: Includes images of all digits (0–9).

2. Reduced dataset: Excludes images corresponding to the digits {1, 7, 4, 9}.

The first configuration is more challenging to classify because of the difficulty in distinguishing
between visually similar digits such as 1 and 7 or 4 and 9. Our observations indicate that the per-
formance of the student model trained with soft labels remains relatively stable when transitioning
from the easier dataset to the harder one. In contrast, the performance of the student model trained
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with hard labels shows a more significant decline. For instance, in the case of a student network
with 4 neurons, the accuracy drops significantly when moving from the reduced dataset to the full
dataset under hard-label training. However, with soft-label training, the performance experiences
only a minimal drop in accuracy.

Dataset Teacher Net Student Net Teacher Acc St Hard Acc St Soft Acc

all except 1,7,4,9 512 8 98.75 97.19 97.67
512 6 98.75 96.84 97.26
512 4 98.75 93.04 95.83

all digits 512 8 98.34 95.77 96.58
512 6 98.34 95.33 96.00
512 4 98.34 88.84 95.62

Table 1: Performance Comparison on Different Datasets for the 2-layer Model. The second and
third columns denote the number of neurons in the hidden layer for the teacher and student
networks, respectively.

3. Theoretical Results

In the previous section, we presented a few experimental observations on student-teacher training
using a simple model of two-layer neural network. In this section, we provide theoretical insights
into these observations, summarized in Theorem 2 and the corresponding Corollary 4. We begin
by introducing the student-teacher model used for training, outlining a few assumptions about the
training data, and specifying the choice of distillation loss for the student to be trained using soft
labels. This is followed by a description of the Projected Gradient Descent (PGD) method used for
training and a theoretical analysis of the training dynamics.

3.1. Model and Assumptions

We consider the following fully-connected two-layer neural network,with m neurons in its hidden
layer and with ReLU activation, as the student model:

f(x;W,a) =
1√
m

m∑
j=1

ajσ(W
⊤
j x) =

1√
m

m∑
j=1

aj1(W
⊤
j x ≥ 0)W⊤

j x, (1)

where σ(z) = max(0, z) is the ReLU activation function, aj ∈ R and Wj ∈ Rd for j ∈ [1,m] are
respectively the final layer weight and the hidden layer weight vector corresponding to each neuron
j in the hidden layer. Let the vector a and the matrix W denote the collection of aj and Wj as
their jth element and jth row, respectively. Let the neural network output for an input sample xi be
further denoted as fi(W ) for any i ∈ [n].

We initialized the neural network using the symmetric random initialization which was pro-
posed in (Bai and Lee, 2020) and later used in (Cayci et al., 2023). The initial parameters are given
as follows: aj = −aj+m

2

i.i.d.∼ Unif{−1, 1} and W (0)j = W (0)j+m
2

i.i.d.∼ N (0, Id) independent

4



INSIGHTS INTO SOFT-LABEL TRAINING

and identically distributed over j = 1, 2, .., m2 and are independent from each other. For this sym-
metric initialization, we assume m is an even number. The symmetric initialization ensures that
fi(W (0)) = 0,∀i ∈ [n].

The above model of neural network is studied in detail for hard-label training in the works by
(Ji and Telgarsky, 2020), (Du et al., 2019), (Arora et al., 2019), etc. Similar to the setting in these
prior works, we fix the final layer weight vector a and only train the hidden layer weight matrix W .

The dataset with the ground truth values under consideration is denoted by D := {(xi, yi)}ni=1

for some finite integer n where xi ∈ Rd and yi ∈ {−1, 1}. For simplicity, assume ∥xi∥2 ≤ 1, ∀i ∈
[1, n], which is standard in prior works. Let xi,∀i ∈ [n] also satisfy: ∥xi∥ ≥ c for some c > 0.

We make the following assumption on the dataset D characterizing the separability by the cor-
responding infinite-width NTK as in Ji and Telgarsky (2020): Let µN be the Gaussian measure on
Rd, given by the Gaussian density with respect to the Lebesgue measure on Rd. We consider the
following Hilbert space

H :=

{
w : Rd → Rd

∣∣∣∣∣
∫
∥w(z)∥22 dµN (z) < ∞

}
. (2)

For any x ∈ Rd, define ϕx ∈ H by ϕx(z) := 1 (⟨z, x⟩ > 0)x.

Assumption 1 There exists v ∈ H and γ > 0, such that ∥v(z)∥2 ≤ 1 for any z ∈ Rd, and for any
1 ≤ i ≤ n,

yi⟨v, ϕi⟩H := yi

∫
⟨v(z), ϕi(z)⟩ dµN (z) ≥ γ. (3)

Using standard notations, ϕx(Wj(0)) = 1(Wj(0)
⊤x > 0)x, for all j ∈ [m] are called the NTK-

features for input data x. Let us denote ϕ
0
x ∈ Rmd×1 as a concatenation of all ϕx(Wj(0)) for input

data x. The above assumption ensures the separability of the induced set
{
ϕ
0
xi
, yi

}n

i=1
when m

is sufficiently large (see Lemma 2.3 in (Ji and Telgarsky, 2020)). As shown in (Ji and Telgarsky,
2020), there is always a γ > 0 satisfying assumption 1 as long as no two inputs xi and xj with
i, j ∈ [1, n], i ̸= j are parallel in the dataset D.

For our theoretical results, we define the soft labels for the student model based on the Hilbert
space H, as described below.

Let v : Rd → Rd be a function in the RKHS H such that ∥v(z)∥2 ≤ 1 for all z ∈ Rd, and
yiEz∼N (0,Id)(ϕi(z)

⊤v(z)) ≥ γ. Assumption 1 ensures the existence of such a v(z). Define for
each i ∈ [n]

zi := Ez∼N (0,Id)(ϕi(z)
⊤v(z)).

The soft labels for each input xi are then given by

pi = µ(zi) :=
1

1 + exp(−zi)
,

where µ(z) denotes the softmax function applied to the target logit zi. In other words, we assume
that we have access to the soft labels from a teacher which is the kernel limit of an inifnite-width
neural network. We fix the function v for the remainder of the paper. The choice of a particular v
does not affect our analysis, provided it satisfies the conditions described above.
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Our training objective is to minimize the following empirical risk over the dataset D:

RKL(W ) :=
1

n

n∑
i=1

ℓKL(pi, fi(W )), (4)

where ℓKL(pi, fi(W )) is the Kullback-Leibler (KL) divergence between the soft-label pi and the
softmax version of the network output fi(W ):

ℓKL(pi, fi(W )) := pi ln (µ(fi(W ))/pi) + (1− pi) ln ((1− µ(fi(W )))/(1− pi)) .

We now discuss the student training procedure. The student is trained on soft labels using a
projected gradient descent (PGD) algorithm. First, we define ∇WjR

KL(W ) which serves as the
gradient of the risk with respect to the weight for the jth neuron:

∇WjR
KL(W ) =

1

n

n∑
i=1

∇f ℓ
KL(pi, fi(W ))∇Wjfi(W ) (5)

where,
∇Wjfi(W ) =

aj√
m
ϕi(Wj) =

aj√
m
1(W⊤

j xi > 0).

Note that the gradient of the loss is defined for the whole domain of Wj in Rd even though the
ReLU activation function is not differentiable at 0. Let W (t) denotes the weight matrix of the
neural network after tth iteration of training. Let the feasible set of weights be defined as SB :=
{W : ∥Wj −Wj(0)∥2 ≤ B√

m
}, where B is a hyperparameter in the training. The PGD algorithm

updates the weights per iteration using the following steps:

1. Descent step: Ŵj(t+ 1) = Wj(t)− η∇WjR
KL(Wj(t)), ∀t ≥ 0.

2. Projection step: Wj(t+ 1) = Projection of Ŵj(t+ 1) into SB.

In the next subsection we provide the key theoretical result of this paper. In Theorem 2, we char-
acterize the neuron requirement to achieve an arbitrarily small training loss averaged over epochs.
We then compare this with the neuron requirement for hard-label training, as established for Gra-
dient Descent in (Ji and Telgarsky, 2020), by adapting their result to Projected Gradient Descent in
this paper.

3.2. Neuron Requirement for Soft-label Training

We are now ready to present the first result of this paper. The following Theorem provides a char-
acterization of the number of neurons required for soft-label training to achieve a small empirical
risk, RKL(W (t)), averaged over iterations t < T .

Theorem 2 Let β ∈ (0, 1), δ ∈
(
0, 13
)

be fixed real numbers. If the number of neurons m satisfies

m ≥ C1

β

(√
2

π

1

c
+ 3

√
ln

(
2n

δ

))2

, (6)
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and the PGD algorithm is run with a projection radius B = 1 for T iterations such that T ≥ 9
β2 ,

using a constant step size η satisfying η ≤ β
3 . Then, the following bound on the averaged empirical

risk holds:
1

T

∑
τ<T

RKL(W (τ)) ≤ β, (7)

with probability at least 1 − 3δ over the random initialization. Here, C1 = 96
(1+e2)

is an absolute
constant.

In light of the above Theorem, we next analyze the performance of the student network in
classifying the training data. We define the classification error as:

R(W ) := R(W ;D) :=
1

n

n∑
i=1

1(yifi(W ) > 0). (8)

Using a reverse Pinsker inequality (Lemma 4.1 of (Götze et al., 2019)), we provide an upper
bound on R(W ) in terms of RKL(W ):

Lemma 3 If 0 < pi < 1, where pi is the soft label in the above construction for the data input
xi for i ∈ [n], then the classification loss R(W ) can be related to the surrogate loss RKL(W ) as
follows:

R(W (t)) ≤ 32

γ2
RKL(W (t)). (9)

Combining the above Lemma with Theorem 2, we arrive at the following Corollary:

Corollary 4 Let ϵ ∈ (0, 1) and δ ∈
(
0, 13
)

be fixed real numbers. If the number of neurons satisfies:

m ≥ C2

γ2ϵ

(√
2

π

1

c
+ 3

√
ln

(
2n

δ

))2

, (10)

then the PGD algorithm with B = 1, step size η ≤ γ2ϵ
3 , and iteration count T ≥ 9

γ4ϵ2
ensures the

following guarantee on the classification loss with probability at least 1− 3δ:

1

T

∑
τ<T

R(W (τ)) ≤ ϵ, (11)

where C2 = 32 · C1.

3.2.1. COMPARISON WITH HARD-LABEL TRAINING

Now we are ready to compare the neuron requirement based on Corollary 4 with that of the re-
quirement for hard label training as established in (Ji and Telgarsky, 2020). The empirical risk for
hard-label training on the dataset D := {xi, yi}ni=1 is defined as:

Rh(W ) :=
1

n

n∑
i=1

ln(1 + exp(−yifi(W ))). (12)
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The following proposition for hard-label training is adapted from the result on gradient descent
with hard labels by (Ji and Telgarsky, 2020), modified to fit our projected gradient descent (PGD)
setting. The modification introduces a projection step after each weight update, where the weight
of each neuron is constrained to the set Wj −Wj(0) ≤ B√

m
, for some hyperparameter B > 0. The

proof of Proposition 5 is provided in the Appendix of the full version of the paper (link).

Proposition 5 Fix β ∈ (0, 1) and δ ∈
(
0, 13
)
. With a choice of the projection ball radius B =

2
γ ln

(
2

ln(2)β

)
, if the number of training iterations satisfies T ≥ 8

γ2η

ln2
(

2
ln(2)β

)
ln(2)β , η ≤ 1, and the

number of neurons satisfies:

m ≥ 16

γ4

(
2
√
2

c
√
π
ln

(
2

ln(2)β

)
+ 3

√
ln

(
2n

δ

))2

, (13)

then the following holds with probability at least 1− 3δ

1

T

∑
τ<T

Rh(W (τ)) ≤ β. (14)

The hard-label surrogate loss guarantee in equation (14) implies the following classification loss
guarantee:

1

T

∑
τ<T

R(W (τ)) ≤ 1

ln(2)
β.

It is worth mentioning that, without the projection step, the neuron requirement for hard-label
training, as established by (Ji and Telgarsky, 2020), is O

(
1
γ8 , ln

(
n
δ

)
, ln
(
1
ϵ

))
.

Comparing the neuron requirements: Based on Corollary 4 and Proposition 5, the require-
ments for hard-label and soft-label training to ensure the classification loss averaged over iterations
is less than some ϵ > 0 can be expressed as:

O

(
1

γ4
, ln
(n
δ

)
, ln

(
1

ϵ

))
(hard labels),

and

O

(
1

γ2ϵ
ln
(n
δ

)
,
1

β

)
(soft labels).

Suppose that there is a target classification error of epsilon. The above results suggest that, when
γ < ϵ, i.e., when the data-set is more difficult the separate, soft-label training reduces the neuron
requirement by a factor of γ in the regime of PGD training. In other words, when the separation
margin γ associated with the classification task is sufficiently small, soft-label training requires
significantly fewer neurons to achieve similar performance compared to hard-label training.

3.3. Proof Sketch of Theorem 2

While the detailed proofs of all the results presented in the paper is provided in the Appendix of the
full version of the paper (link), we present a high-level proof sketch for Theorems 2 here. Before
presenting the proof sketch, we first introduce some additional notations and quantities.

8

https://uofi.box.com/s/ijuz65u62tondmtlyof92gukmnzhgkk6
https://uofi.box.com/s/ijuz65u62tondmtlyof92gukmnzhgkk6


INSIGHTS INTO SOFT-LABEL TRAINING

Similar to the definition of ϕ
0
i , define the feature map at iteration t, ϕ

t
i, based on the weight

W (t). Specifically, the feature corresponding to the jth neuron is given by ϕi(Wj(t)). Now, define
f t
i (W ) for each data sample xi as:

f t
i (W ) :=

1√
m

m∑
j=1

aj1(Wj(t)
⊤xi ≥ 0)W⊤

j xi =
1√
m
⟨ϕt

i,W ⟩,

where Wj(t) is the weight of the jth neuron at the tth iteration of PGD.
Using these definitions, we define the following expression for each t ≤ T :

Rt,KL(W ) :=
1

n

n∑
i=1

ℓKL(pi, f
t
i (W )).

Initial Feature Map and Separability: The following Lemma 6 implies the existence of a
weight matrix U satisfying ∥Uj −Wj(0)∥2 ≤ 1√

m
such that |⟨ϕ0

i , U⟩ − zi| is small for all i ∈ [n],
with high probability, when m is sufficiently large.

Lemma 6 Let U ∈ Rm×d be defined as Uj =
aj√
m
v(Wj(0)),∀j ∈ [m]. Then, under Assumption 1,

for the symmetric random initialization of the neural network weights, the following holds with
probability at least 1− δ:

∣∣f0
i (U)− zi

∣∣ ≤ 1√
m

√
2 ln(2n/δ), ∀i ∈ [1, n], (15)

This observation suggests that a linear function (linear in the weight W ) of the form ⟨ϕ0
i ,W ⟩

can approximate the soft label zi for each i with high probability. This intuition is crucial for the
subsequent steps of the proof.

Convergence of Soft Label Surrogate Loss: Next we show that under sufficient conditions on
T and η, the soft-label risk averaged over all iterations converges to the quantity 1

T

∑
t<T Rt,KL(W )

for any W in the feasible set SB .
The remainder of the proof is devoted to showing that Rt,KL(W ) is small for all t ≤ T with

high probability, for an appropriately chosen W .
Bounding Rt,KL(W ): The idea is to bound ℓKL(pi, f

t
i (W )) for each i with high probability.

For this purpose, we use a reverse Pinsker’s inequality, as stated in Lemma 4.1 of (Götze et al.,
2019). This inequality allows us to upper-bound the KL divergence loss ℓKL(pi, f

t
i (W )) for each i

by the distance between the corresponding logits, |zi − f t
i (W )|.

Now, choosing W = W (0) + U and applying the triangle inequality, we obtain:

|zi − f t
i (W )| ≤ |zi − f0

i (U)|+ |f t
i (U)− f0

i (U)|+ |f t
i (W (0))− f0

i (W (0))|.

From Lemma 6, we know that ∥zi−f0
i (U)∥2 is small under the sufficient conditions. Therefore,

it remains to show that the terms |f t
i (U)− f0

i (U)| and |f t
i (W (0))− f0

i (W (0))| are both small for
each i with high probability. We use the analysis in the neural tangent kernel literature ((Jacot et al.,
2020; Chen et al., 2020)) for bounding this expression.
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4. More Experimental Results

In this section, we validate our results using deep neural networks, with VGG 8+3 as the teacher
and VGG 2+3 as the student; see (Simonyan and Zisserman, 2014) for a detailed description of the
VGG architecture. The dataset chosen for our experiments is the CIFAR-10 cat/dog dataset.

Since our theory suggests that harder-to-classify datasets benefit more from soft-label training,
we added Gaussian noise to the CIFAR-10 cat/dog dataset to make it more challenging to classify.
We compare the performance of soft-label vs. hard-label training across different datasets: the
original CIFAR-10 dataset and noise-added CIFAR-10 datasets. The results are summarized in
Figure 4. Consistent with our theoretical predictions, the experiments demonstrate that harder-to-
classify datasets benefit significantly more from distillation.

All experimental points are averaged over 10 independent runs. For each run, we employed
early stopping with a patience of 20 epochs and a maximum of 100 iterations. The dataset was split
into training, validation, and test sets with proportions of 80%, 10%, and 10%, respectively. We
trained the models using gradient descent with the Adam optimizer and applied L2 regularization.

Figure 1: Classification accuracy under Gaussian noise on CIFAR-10 cat/dog with VGG 8+3 as the
teacher and VGG 2+3 as the student.

5. Conclusions

In this paper, we provide theoretical results which show that soft-label training leads to fewer num-
ber of neurons than hard–label training for the same training accuracy. Our proofs provide some
intuition for this phenomenon, as stated at the end of the longer version of the paper, which we
summarize here. The parameters of a neural network have a dual role: one is to identify good
features and the other is to assign weights to these features. With good initialization, one can start
the training with good features. In contrast to hard-label training, soft-label training ensures that
the network parameters do not deviate too much from initialization, thus approximately maintain-
ing good features throughout the training process, but they deviate just enough to assign the right
weights to various features.
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