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ABSTRACT

Recent studies have shown that the generalization of neural networks is corre-
lated with the sharpness of the loss landscape and flat minima suggests a better
generalization ability than sharp minima. In this paper, we introduce a method
called optimum shifting (OS), which changes the parameters of a neural network
from sharper minima to a flatter one while maintaining the same training loss.
Our approach is based on the observation that when the input and output of a
neural network are fixed, the matrix multiplications within the network can be
treated as systems of under-determined linear equations, enabling adjustment of
parameters in solution space. This can be accomplished by solving a constrained
optimization problem, which is easy to implement. Furthermore, we introduce a
practical stochastic optimum shifting (SOS) technique utilizing neural collapse
theory to reduce computational costs and provide more degrees of freedom for op-
timum shifting. In our experiments, we present various DNNs (e.g., VGG, ResNet,
DenseNet, and Vit) on the CIFAR 10/100 and Tiny-Imagenet datasets to validate
the effectiveness of our method.

1 INTRODUCTION

Deep Neural Networks (DNNs) are powerful and have

shown remarkable results in various fields, including com-

puter vision (Goodfellow et al.,[2020; Sohl-Dickstein et al., 3
2015; [Kingma & Welling) [2013) and natural language
processing (OpenAl, [2023; [Vaswani et al., 2017). It for-
mulates a learning problem as an optimization problem 2
and utilizes stochastic gradient descent and its variants to
minimize the loss function:
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pothesis space is concurrently populated with different

minima, each characterized by distinct generalization abil-

ities. Recent studies have shown that generalization is Figure 1: Schematic of Optimum Shifting
correlated with the sharpness of the loss landscape and flat

minima suggest a better generalization ability than sharp minima [Keskar et al.|(2016); Neyshabur
(2017); Hochreiter & Schmidhuber|(1994); |Keskar et al.| (2017); (Chaudhari et al.[(2019); Gatmiry
et al.[(2023). In this work, we aim at answering this question:

Can we modify the parameters of a neural network from one point to a flatter one while maintaining
the same training loss?

In this paper, we propose a method called optimum shifting (OS) to attain this specific objective. It
changes the parameters of a neural network from the current point to a flatter one while maintaining
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the same training loss value. This approach is based on the matrix multiplication within the neural
network:
Av =0, 2)

where A € R"™" represents the input matrix, and v € R" denotes the parameters in the neural
network’s linear layer. Consider it to be a set of linear equations, and the parameter v can be modified
in the solution space. Assume that the rows in A are independent without loss of generality, the
equation Av = b is under-determined if m < n and has infinite solutions for v. This property allows
us to move the neural network parameters from the current point v in the solution space to another
point v* by minimizing the sharpness (in particular, the trace of its Hessian (Gatmiry et al., [2023)),
which can be calculated by solving a simple constraint optimization problem.

The main challenge for the method above is that it requires keeping training loss unchanged across all
training samples. Using the entire training set for OS demands a significantly large memory capacity
and huge computational costs. Moreover, OS in the whole dataset results in a less under-determined
input matrix, which limits the degrees of freedom for optimum shifting. To overcome these challenges,
we take inspiration from stochastic gradient descent, which uses a small batch to conduct gradient
descent, thereby reducing computational costs. We propose stochastic optimum shifting, which
performs OS on a small batch of data. With this approach, the generalization ability of the neural
network is improved and computational costs are decreased. According to the theory of the Neural
Collapse (NC) (Zhu et al., 2021} Tirer & Bruna, [2022; Zhou et al.,[2022)), if the loss is unchanged in
a small batch of training data (typically, “batch > n" where n is the class number), it is expected to
be unchanged across all training data. Therefore, the empirical loss is expected to remain unchanged
under stochastic optimum shifting algorithm.

To summarize, our contributions include:

* We propose optimum shifting (OS) and stochastic optimum shifting (SOS), which enable us
to modify the parameters of neural networks while maintaining the same training loss value.
We prove that the generalization ability has increased in the Hessian trace perspectives.

* We present experiments on two recognition tasks to verify the effectiveness of OS. We
train VGG, ResNets, DenseNets, and Vit-B on CIFAR10/100 and Tiny-ImageNet datasets
and Yolo detector on the PASCAL VOC dataset. Experiments show that by using OS, the
training process can be stabilized and models can obtain better generalization.

* The proposed OS and SOS are compatible and can be easily integrated into traditional
regularization techniques, such as weight decay and recently proposed approaches to find
flatter minima, such as the sharpness-aware minimization (SAM) method (Foret et al., [ 2021)).

2 RELATED WORK

Flatness and Generalization Research on the correlation between generalization and sharpness
can be traced back to (Hochreiter & Schmidhuber, [1994)). (Yao et al., 2020; Jiang et al., [2019)
perform a large-scale empirical study on various notions of generalization measures and show that
sharpness-based measures correlate with generalization best. (Keskar et al.,[2017) observe that when
increasing the batch size of SGD, the test error and sharpness of the trained model will both increase.
(Gatmiry et al., [2023) show that with standard restricted isometry property on the measurement,
minimizing the trace of Hessian can lead to better generalization. Although (Dinh et al., 2017) argue
that for networks with scaling invariance, there always exist models with good generalization but
with arbitrarily large sharpness. However, it does not contradict our main result here, which only
asserts the solution with a minimal trace of Hessian generalizes well, but not vice versa. Therefore,
recent studies have proposed several penalty-based sharpness regularization methods to improve the
generalization. SAM (Foret et al,[2021)) was proposed to penalize the sharpness of the landscape to
improve the generalization. The full-batch SAM aims to minimize worst-direction sharpness (Hessian
spectrum) and 1-SAM aims to minimize the average-direction sharpness (Hessian trace) (Wen et al.,
2023)). Furthermore, (Kwon et al.|2021) proposed adaptive SAM, where optimization could keep
invariant to a specific weight-rescaling operation. In addition, (Zhao et al., |2022)) proposes to improve
the generalization by penalizing the gradient norm of loss function during optimization. It is worth
noting that the methods above are all penalty-based methods, i.e. adding a penalty term, which
represents the flatness, to the loss function. Compared with them, our method is a constraint and
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objective separation method, which separates the flatness and loss value as two isolated objectives
to optimize. As a result, our OS can be easily integrated into penalty-based methods (e.g. SAM) to
achieve better performance.

Neural Collapse. Recent seminal works empirically demonstrated that last-layer features and
classifiers of a trained DNN exhibit an intriguing Neural Collapse (NC) phenomenon (Zhu et al.|
2021} Tirer & Brunal [2022}Zhou et al.,2022). Specifically, it has been shown that the learned features
(the output of the penultimate layer) of within-class samples converge to their class means. Moreover,
NC seems to take place regardless of the choice of loss functions. We utilize this phenomenon
and propose stochastic optimum shifting, which can reduce the computational costs and provide
more degrees of freedom for optimum shifting. For example, when we apply optimum shifting to
ResNet/DenseNet for CIFAR 100 classification, by ensuring the loss remains unchanged across 100
samples, the loss remains probabilistic unchanged on the whole 50,000 training data points.

3  OPTIMUM SHIFTING

3.1 NOTATIONS

Throughout this paper, we denote 8 = U'" {(x;, y;) } as the training set containing n training samples,
L as the loss function, and f(x;) as the neural network approximation. A l-convolutional-layer neural
network is expressed as:

f(x) =vivec{o(Fi+o(F_1 % 0(F xx)---))}, 3)

where * denotes the convolution operator, o-(x) = max{0, x} is the entry-wise ReLLU activation and F}
is the convolution in the /-th layer. The vectorized output of i-th layer is represented using vec(x; ;) €
R™, We vectorized parameters in each layer and stack it as W = [vec(v), vec(F;), -+ ,vec(F1))]

3.2 MAIN RESULTS

Before proceeding, we first define the flatness of neural networks. There are many measures to define
the flatness. But currently, the trace of Hessian has been theoretically proved with the generalization
bound (Gatmiry et al., |2023). In this paper, we define flatness by the Hessian trace.

Definition 1 The flatness F (L) is defined as the trace of the Hessian matrix H of the loss function
L with respect to network parameters W :

F(L) £ w(Hp) = w(VyyL(f(2:), 1)) )

Next, we show the main theorem of our paper. It shows that for different neural networks such as
CNN, ResNet, DenseNet and MLP, the lower bound and upper bound of the Hessian trace are linear
with the Frobenius norm of the weight in the final linear layer. So if we minimize the Frobenius norm
of the weight in the final linear layer, both the upper bound and lower bound of the Hessian trace will
also be minimized, thus suggesting a better generalization ability.

Theorem 1 For a I-convolutional-layer neural network, given the loss function L, the trace of
Hessian can be upper bounded by:

Co+Ci|IvlI* < rr(HL) < Co + CaIvII? ®)
where Cy, Cy, Cy are constants and independent of the last hidden layer’s weight v. So if ||v||* is

minimized, both the upper bound and lower bound of the Hessian trace will also be minimized.

Theorem 2 For a I-convolutional-layer ResNet, given the loss function L, the trace of Hessian can
be upper bounded by:

Co+ G3|IV|I*> < tr(HL) < Co + Cyl[v|]? (©6)

where Cy, C3, Cy are constants and independent of the last hidden layer’s weight v. So if ||v||? is
minimized, both the upper bound and lower bound of the Hessian trace will also be minimized.



Under review as a conference paper at ICLR 2024

Theorem 3 For a l-convolutional-layer DenseNet, given the loss function L, the trace of Hessian
can be upper bounded by:

Co+ Cs||v||*> < tr(Hp) < Co + Co||v]]? 7

where Cy, Cs, Cg are constants and independent of the last hidden layer’s weight v. So if ||v||* is
minimized, both the upper bound and lower bound of the Hessian trace will also be minimized.

Theorem 4 For a [-fully-connected neural network, given the loss function L, the trace of Hessian
can be upper bounded by:

Co+ C7|IVII* < tr(Hyp) < Co + Cs||v|]? ®)

where Cy, C7, Cg are constants and independent of the last hidden layer’s weight v. So if ||v||* is
minimized, both the upper bound and lower bound of the Hessian trace will also be minimized.

The proof of the four theorems is detailed in Appendices[A.T|to[A.4]

3.3 METHODOLOGY

The linear layer R™ — R" with activation function o can be represented as follows:
¢'‘(v)=0(Av+o) ©)

where A € RPaichxm 'y ¢ Rmxn ¢ ¢ Rbatchxn and patch is the input batch size. We denote the
result of Av as :
Av = b. (10)

The training loss value of a neural network will not change no matter how the parameter v is adjusted
if the input matrix A and output matrix b are both fixed. Specifically, the equation Av = b defines
a system of linear equations. If this system is under-determined, then v has an infinite number of
solutions. Any option in the solution space is available as a replacement for the current v. As stated in
Section both the upper bound and lower bound of the Hessian trace are linear with ||v||>. If ||v||?
is minimized, both the upper bound and lower bound of the Hessian trace will also be minimized. As
a result, we prefer replacing the current point with the one that has the least Frobenius norm in the
solution space. This can be obtained by solving a least-square problem as follows:

minimize ||v||? (1)
subjectto Av =b. (12)

Thus, we aim to find the point with the smallest Frobenius norm in the solution space to replace
current v. Because v € R™*" is a matrix, we need to decompose it into n independent least-squares
problems. The i-th column of v is denoted as v;, and the Lagrangian for the least-square problem is:

n
Livise ¥ AL ) = ) (Vv + AT (A, = by). (13)
i=1

Since L is a convex quadratic function of each (v;, A;), we can find the minimum (v, A7) from the
optimality condition:
Vy,L1 =2vi + ATX; = 0, (14)

V)\[Ll =AVi—bi =0, (15)

which yeilds a closed form solution v; = AT(AAT)"'b;. By resolving n independent least
square problems, we can finally identify the point with the smallest Frobenius norm as v* =
[V, V3 V4] = AT(AAT) b,

4 STOCHASTIC OPTIMUM SHIFTING

As stated above, when the neural network’s parameters is changed by OS, the training loss is expected
to remain unchanged for all data samples. But for implementation, it is hampered by the three issues.
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* Computing large batch size: The typical batch size for neural network training is much
smaller than the dataset size. However, to perform OS, the neural network must be fed the
entire dataset, which increases the computational costs and requires large memory size.

* Performing Gaussian elimination: The rows of the input matrix were presumed indepen-
dent in the previous section. But this supposition isn’t always true in actual circumstances.
Gaussian elimination is utilized to reduce the linearly dependent row vectors. There is a
sizable computational challenge involved in applying Gaussian elimination to a large matrix.

* Degrees of freedom for optimum shifting: When conducting optimum shifting, smaller
rows and larger columns of the input matrix A result in a larger solution space of the
equation Av = b, increasing the degrees of freedom to find a flatter v. However, the rows of
A represent the batch size, which must be large in the first issue.

These problems lead to the question that: How can we reduce the computational costs while providing
additional degrees of freedom for optimum shifting? For the first one, we take inspiration from
stochastic gradient descent, which balances convergence efficiency and computational costs by
performing gradient descent on a small batch. We propose a practical approach named stochastic
optimum shifting (SOS) to reduce computational costs. Specifically, it uses a small batch to conduct
OS after training the model for each s iteration. The whole training process is as follows: First, to
make the input matrix A row independent, we perform Gaussian elimination to the linear system
equations. Then we follow the method stated in Section. [3.3]to compute the new parameter. The
algorithm details are outlined in Algorithm I}

Input: Training set § = UL, {(@;, y;)}, batch size
b1, by for SGD and SOS, step size y > 0.

for number of training epochs do

Sample batch B = {(x1, Y1), ...(Tp,» Yp,) };

Compute input and output matrix ; 0.75 4

A= [wL’l,wL,z,"' ’a’L,bz] b=

1.00

=

0.50

(Viaxp . vier, - viapp,|; S\
for each columns v; in the final linear layer do 0.251
Gaussian elimination to make A row 000 ] Z
independent: ’
[As, bis] = Gaussian eliminate([ A, b;]) ; ~0.251

Update the parameters:

Vi = Au(A(A)T) Mbi;
end —0.75 1
forr=0,1,---,sdo 100
Update all parameters using SGD; "-1.00 -075 -050 -025 000 025 050 075 100

b
Wt = Wt—l — ’ybll Zizll th—l L;

—0.50 4

Figure 2: Schematic of the OS algorithm.

end
end
Algorithm 1: SOS algorithm during training

To achieve optimum shifting, the training loss is expected to remain unchanged across the entire
dataset. However, for stochastic optimum shifting, we only maintain it unchanged in a small batch.
As we will show in Section. [5.2.1] performing stochastic optimum shifting with a limited batch of
300 images scarcely increases the empirical training loss. Instead, it sometimes helps to stabilize the
training process. A recent study in neural collapse (Zhu et al.| [2021}; Tirer & Brunal 2022} [Zhou et al.}
2022)) helps us to understand this phenomenon. It reveals that: as training progresses, the within-class
variation of the activations becomes negligible as they collapse to their class means. For example,
when training on CIFAR100 dataset, the images will converge to the 100 class means. Therefore,
if the loss of 100 images remains unchanged after performing optimum shifting to the final fully
connective layer, the loss of the entire dataset will also remain nearly unchanged.

Moreover, the small batch for optimum shifting also offers more degrees of freedom for optimum
shifting. For instance, when the last layer maps a vector with 1024 dimensions to 100 dimensions.
The weight matrix v € R1924x190_ When feeding the entire dataset to the neural network, the input
matrix A € R30000x1024 " which may not be under-determined. When using stochastic optimum
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shifting, the input matrix A € R3%0%1924 "\which means that the systems of linear equations are
under-determined. And it must have infinite solutions in the solution space.

5 EXPERIMENT VALIDATION

In order to assess SOS’s efficacy, we investigate the performance of different DNNs (VGG, ResNet,
DenseNet, ViT) on different computer vision tasks, including CIFAR10/100, Tiny-Imagenet classifi-
cation and object detection. In the first subsection, SOS is applied to trained deep models, and in the
second subsection, it is further applied repeatedly in the training process of deep models. When SOS
is applied in the training process, we compare our method with two other training schemes: one is
the standard SGD training scheme and the other is the SAM (Foret et al.,[2021) training scheme. As
we can see below, SOS improves the generalization ability of trained models, standard SGD scheme,
and SAM training scheme.

Table 1: Test Accuracy on CIFAR Classification for trained models

Dataset ‘ CIFAR100 ‘ CIFARI10
Augmentation | Basic Mixup \ Basic Mixup
SOS | v | x| v | x| v | x | v | x
VGG-16 | 70.23 | 70.18 | 73.86 | 72.74 | 91.81 | 91.76 | 93.43 | 93.12
ResNet-18 | 77.68 | 77.53 | 80.99 | 79.11 | 95.12 | 94.96 | 95.93 | 95.66
ResNet-50 | 78.12 | 77.85 | 81.54 | 81.33 | 95.11 | 95.08 | 96.41 | 96.03

DenseNet-201 | 80.24 | 80.07 | 82.45 | 81.95 | 95.41 | 95.34 | 96.21 | 96.17
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Figure 3: Top 100 eigenvalues of the Hessian matrix before and after SOS.

5.1 APPLY SOS TO TRAINED MODELS

Test Accuracy We first evaluate SOS by applying it to trained deep models on CIFAR10 and
CIFAR100 dataset (Krizhevsky et al.,|2009), which consists of 50k training images and 10k testing
images in 10 and 100 classes. Different convolutional neural network architectures are tested,
including relatively simple architectures, such as VGG (Simonyan & Zisserman, 2014)), and complex
architectures, such as ResNet (He et al.,|2016) and DenseNet (Huang et al.,2017). For the training
datasets, we employ data augmentations. One is the basic augmentation (basic normalization and
random horizontal flip) and the other is Mixup augmentation (Zhang et al.l2017). Table.[T|shows the
result. We can see all the test accuracy has been improved slightly by SOS. For example, the test
accuracy of VGG-16 on CIFAR100 has been improved from 72.74% to 73.86%.
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Hessian Analysis We visualize the top 100 eigenvalues of the Hessian matrix before and after SOS
in ascending order as shown in Figure[3] The orange and blue spots represent the eigenvalue before
and after SOS. We also calculate the trace and top 1 eigenvalue for analysis. We can see that both the
trace (average-direction sharpness) and the top 1 eigenvalue (worst-direction sharpness) have been
minimized by SOS, which is consistent with our proposed Theorem T}

5.2 APPLY SOS IN TRAINING PROCESS

The smoothness of loss landscape can benefit the optimization process of neural networks
let all} 2021} [Santurkar et al, [2018)). We argue that SOS can smooth the loss landscape, thus stabilizing
the training process and improving the generalization ability of neural networks. In this section, we
apply SOS during the training process and analysis the loss and test accuracy.

5.2.1 CIFAR10 AND CIFAR100 CLASSIFICATION

Loss analysis. We first analyze the training loss with and without SOS. We use SGD,

Adam (Kingma & Bal, [2014), and Adagrad (Duchi et al 2011) to train VGG16 on CIFARI10,

ResNet18 (He et al., and DenseNet121 (Huang et al.,[2017) on CIFAR100
2009) without any data augmentation. As shown in Fig.[4} the x-axis is the training epochs and the

y-axis is the training loss value.
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Figure 4: Visualization of the training loss for different models and optimizers with and without SOS.

Figure. [ shows that the loss with SOS is almost the same or lower than the loss without SOS, which
validates our statement in Section. E| that SOS will not affect the training loss value. Moreover,
Figure. @b to Figure. ] shows that SOS can help stabilize the training process when it is unstable.
When the training process without SOS fluctuated a lot, SOS smoothed its loss landscape and
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stabilized the highly erratic training process. Moreover, for Figure. [4d] SOS even makes the model
converge earlier.

Generalization ability test. Next, we demonstrate that SOS can also improve the generalization
ability of neural networks when applied in the training process. We apply SGD to train the same four
CNN models under the CIFAR10 and CIFAR100 datasets with the same data augmentation strategies.
Following (Huang et al.l 2017), the weight decay is 10~ and a Nesterov momentum of 0.9 without
damping. The batch size is set to be 64 and the models are trained for 300 epochs. The initial learning
rate is set to be 0.1 and divided by 10 and is divided by 10 at 50% and 75% of the total number of
training epochs. All images are applied with a simple random horizontal flip and normalized using
their mean and standard deviation. We focus on the comparisons between four different training
schemes, namely the standard SGD scheme, SOS on SGD schemes, SAM scheme (Foret et al.| [2021]),
and SOS on SAM schemes. Given that both SGD and SAM search optimal parameters within local
regions, our SOS operates globally and thus can be integrated with SGD and SAM to attain better
generalization.

Table 2: Testing accuracy of different CNN models on CIFAR10 and CIFAR100 when implementing
the four training schemes.

\ CIFAR100 | CIFARI10
VGG-16 | Basic Mixup augmentation | Basic ~Mixup augmentation
SGD 70.2 72.7 91.8 93.1
SOS + SGD 71.5 78.3 92.1 93.6
SAM 74.8 74.3 94.4 94.8
SOS+SAM 74.9 75.3 94.7 95.0
ResNet-18 \ Basic Mixup augmentation | Basic Mixup augmentation
SGD 77.5 79.1 95.0 95.7
SOS + SGD 78.1 79.8 95.2 96.2
SAM 78.6 80.2 95.9 96.1
SOS+SAM 79.2 80.4 96.1 96.4
ResNet-50 \ Basic Mixup augmentation | Basic Mixup augmentation
SGD 77.9 81.3 95.1 96.0
SOS + SGD 78.3 81.9 95.7 96.3
SAM 78.5 81.7 95.8 96.5
SOS+SAM 78.9 82.3 96.2 96.8
DenseNet-201 \ Basic Mixup augmentation | Basic Mixup augmentation
SGD 80.1 82.0 95.3 96.2
SOS + SGD 80.4 82.5 95.8 96.6
SAM 80.8 82.8 96.1 96.8
SOS+SAM 82.0 83.1 96.5 97.0

As we can see in Table. 2] all the accuracy of the four CNN network architectures on CIFAR10 and
CIFAR100 have been improved with SOS compared to the standard SGD and SAM schemes without
SOS. The test accuracy is also increased, for example, the test accuracy of VGG-16 on CIFAR100
has been improved from 72.7% to 78.3%

Parameters’ weight study The model parameters’ weight with and without SOS is shown in
Figure.[6] The Frobenius norm of the last linear layer’s weight increases a lot before dividing the
learning rate by 10. It has been slowed down when the learning rate is divided and the weight starts
to decrease rapidly for the model with OS. When SOS is applied, the increase rate is slowed down for
the DenseNet. For VGG, the weight does not increase but decreases from the first epoch.



Under review as a conference paper at ICLR 2024

Table 3: Tiny-Imagenet classification.

\ | ResNet50 | Densel2l | Vit-B |

\ SGD \ 524 \ 67.4 \ 53.7 \

‘ SOS + SGD ‘ 53.8 ‘ 71.1 ‘ 63.1 ‘
VGG w/o mixup DenseNet w/o mixup

‘ SAM ‘ 66.8 ‘ 73.7 ‘ 80.7 ‘

\ SOS + SAM \ 67.1 \ 75.4 \ 81.5 \

Table 4: Object detection.

~ voC | Yolo-V5s | Yolo-V5x
mAP w/ SOS | 83.4.02 | 87.1s2
mAP w/o SOS | 83.7.0.1 | 87.4.02

uuuuu

VGG w/ mixup DenseNet w/ mixup

Figure 6: Weight visualization.

5.2.2 TINY-IMAGENET

We evaluate our method on the Tiny-ImageNet classification dataset using three deep vision models:
ResNet50 (He et al.,|2016)), DenseNet121(Huang et al.,2017)), and Vision Transformer architecture
ViT-B with pre-trained model (Dosovitskiy et al.| 2020). For data augmentation, we adopt the
Cut-Mix augmentation (Yun et al., 2019). Likewise, we still adopt the four training schemes for
comparisons. All the models are trained within 200 epochs with a cosine learning rate schedule.

Table [3]reports the test accuracy on Tiny-Imagenet classification with different models and different
training schemes. As we can see from the table, applying SOS in the standard SGD training can
improve generalization. For example, the test accuracy of DenseNet121 is improved from 67.4% to
71.1% by simply applying SOS in the standard SGD training process. Moreover, the accuracy can be
improved from 73.7% to 75.4% by applying SOS in the SAM training process. Again, this confirms
the effectiveness of our scheme for practical application.

5.2.3 OBIJECT DETECTION

Our method improves generalization performance on other recognition tasks. We do experiments on
other computer vision tasks, such as object detection to validate the good generalization performance
of our OS method. Table [ shows the object detection baseline results with and without OS on
PASCAL VOC dataset (Everingham et al.| 2010). We adopt YOLOvS5s and YOLOv5x (Jocher et al.
2020) as the detection model and We see that the performance (mAP) of the two models is improved
when applied with SOS.

6 CONCLUSION

In this paper, we introduce a novel technique called optimum shifting, to move the parameters
of neural networks from sharper minima to flatter minima while keeping the training loss value
unchanged. It treats the matrix multiplications in the network as systems of under-determined linear
equations and modifies parameters in the solution space. To reduce the computational costs and
increase the degrees of freedom for optimum shifting, we proposed stochastic optimum shifting,
which selects a small batch for optimum shifting. The neural collapse phenomenon guarantees that
the proposed stochastic optimum shifting remains empirical loss unchanged. We perform experiments
to show that stochastic optimum shifting improves the generalization ability on different vision tasks,
reduces the Hessian trace, keeps the empirical loss unchanged and stabilizes the training process.

REFERENCES

Pratik Chaudhari, Anna Choromanska, Stefano Soatto, Yann LeCun, Carlo Baldassi, Christian Borgs,
Jennifer Chayes, Levent Sagun, and Riccardo Zecchina. Entropy-SGD: Biasing gradient descent



Under review as a conference paper at ICLR 2024

into wide valleys. Journal of Statistical Mechanics: Theory and Experiment, 2019(12):124018,
2019.

Laurent Dinh, Razvan Pascanu, Samy Bengio, and Yoshua Bengio. Sharp minima can generalize for
deep nets. In International Conference on Machine Learning, pp. 1019-1028. PMLR, 2017.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An
image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

John Duchi, Elad Hazan, and Yoram Singer. Adaptive subgradient methods for online learning and
stochastic optimization. Journal of machine learning research, 12(7), 2011.

Mark Everingham, Luc Van Gool, Christopher K. I. Williams, John M. Winn, and Andrew
Zisserman. The pascal visual object classes (voc) challenge. Int. J. Comput. Vis., 88(2):
303-338, 2010. URL http://dblp.uni-trier.de/db/journals/ijcv/ijcv88.
html#EveringhamGWWZ10l.

Pierre Foret, Ariel Kleiner, Hossein Mobahi, and Behnam Neyshabur. Sharpness-aware minimization
for efficiently improving generalization. ICLR, 2021.

Khashayar Gatmiry, Zhiyuan Li, Ching-Yao Chuang, Sashank Reddi, Tengyu Ma, and Stefanie
Jegelka. The inductive bias of flatness regularization for deep matrix factorization. arXiv preprint
arXiv:2306.13239, 2023.

Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial networks. Communications of the
ACM, 63(11):139-144, 2020.

Henry Gouk, Eibe Frank, Bernhard Pfahringer, and Michael J Cree. Regularisation of neural networks
by enforcing lipschitz continuity. Machine Learning, 2021.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image
recognition. In CVPR, 2016.

Sepp Hochreiter and Jiirgen Schmidhuber. Simplifying neural nets by discovering flat minima.
NeurIPS, 7, 1994.

Gao Huang, Zhuang Liu, Laurens Van Der Maaten, and Kilian Q Weinberger. Densely connected
convolutional networks. In CVPR, 2017.

Yiding Jiang, Behnam Neyshabur, Hossein Mobahi, Dilip Krishnan, and Samy Bengio. Fantastic
generalization measures and where to find them. arXiv preprint arXiv:1912.02178, 2019.

Glenn Jocher, Alex Stoken, Jirka Borovec, NanoCode(012, ChristopherSTAN, Liu Changyu, Laughing,
tkianai, Adam Hogan, lorenzomammana, yxNONG, AlexWang1900, Laurentiu Diaconu, Marc,
wanghaoyang0106, ml5ah, Doug, Francisco Ingham, Frederik, Guilhen, Hatovix, Jake Poznanski,
Jiacong Fang, Lijun Yu, changyu98, Mingyu Wang, Naman Gupta, Osama Akhtar, PetrDvoracek,
and Prashant Rai. ultralytics/yolov5: v3.1 - Bug Fixes and Performance Improvements, October
2020. URL https://doi.org/10.5281/zenodo.4154370.

Nitish Shirish Keskar, Dheevatsa Mudigere, Jorge Nocedal, Mikhail Smelyanskiy, and Ping Tak Peter
Tang. On large-batch training for deep learning: Generalization gap and sharp minima. arXiv
preprint arXiv:1609.04836, 2016.

Nitish Shirish Keskar, Dheevatsa Mudigere, Jorge Nocedal, Mikhail Smelyanskiy, and Ping Tak Peter
Tang. On large-batch training for deep learning: Generalization gap and sharp minima. In ICLR,
2017.

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980, 2014.

10


http://dblp.uni-trier.de/db/journals/ijcv/ijcv88.html#EveringhamGWWZ10
http://dblp.uni-trier.de/db/journals/ijcv/ijcv88.html#EveringhamGWWZ10
https://doi.org/10.5281/zenodo.4154370

Under review as a conference paper at ICLR 2024

Diederik P Kingma and Max Welling. Auto-encoding variational Bayes. arXiv preprint
arXiv:1312.6114, 2013.

Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple layers of features from tiny images. 2009.

Jungmin Kwon, Jeongseop Kim, Hyunseo Park, and In Kwon Choi. Asam: Adaptive sharpness-aware
minimization for scale-invariant learning of deep neural networks. In ICML. PMLR, 2021.

Behnam Neyshabur. Implicit regularization in deep learning. arXiv preprint arXiv:1709.01953, 2017.
OpenAl. GPT-4 technical report, 2023.

Shibani Santurkar, Dimitris Tsipras, Andrew Ilyas, and Aleksander Madry. How does batch normal-
ization help optimization? NIPS, 31, 2018.

Karen Simonyan and Andrew Zisserman. Very deep convolutional networks for large-scale image
recognition. arXiv preprint arXiv:1409.1556, 2014.

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics. In International Conference on Machine Learning,
pp- 2256-2265. PMLR, 2015.

Tom Tirer and Joan Bruna. Extended unconstrained features model for exploring deep neural collapse.
In International Conference on Machine Learning, pp. 21478-21505. PMLR, 2022.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural information processing
systems, 30, 2017.

Andrea Vedaldi and Karel Lenc. Matconvnet: Convolutional neural networks for matlab. In
Proceedings of the 23rd ACM international conference on Multimedia, pp. 689-692, 2015.

Kaiyue Wen, Tengyu Ma, and Zhiyuan Li. Sharpness minimization algorithms do not only minimize
sharpness to achieve better generalization. arXiv preprint arXiv:2307.11007, 2023.

Jianxin Wu. Essentials of pattern recognition: an accessible approach. Cambridge University Press,
2020.

Zhewei Yao, Amir Gholami, Kurt Keutzer, and Michael W Mahoney. Pyhessian: Neural networks
through the lens of the Hessian. In 2020 IEEE international conference on big data (Big data), pp.
581-590. IEEE, 2020.

Sangdoo Yun, Dongyoon Han, Seong Joon Oh, Sanghyuk Chun, Junsuk Choe, and Youngjoon Yoo.
Cutmix: Regularization strategy to train strong classifiers with localizable features. In CVPR, pp.
6023-6032, 2019.

Hongyi Zhang, Moustapha Cisse, Yann N Dauphin, and David Lopez-Paz. Mixup: Beyond empirical
risk minimization. arXiv preprint arXiv:1710.09412, 2017.

Yang Zhao, Hao Zhang, and Xiuyuan Hu. Penalizing gradient norm for efficiently improving
generalization in deep learning. In International Conference on Machine Learning, pp. 26982—
26992. PMLR, 2022.

Jinxin Zhou, Xiao Li, Tianyu Ding, Chong You, Qing Qu, and Zhihui Zhu. On the optimization
landscape of neural collapse under MSE loss: Global optimality with unconstrained features. In
International Conference on Machine Learning, pp. 27179-27202. PMLR, 2022.

Zhihui Zhu, Tianyu Ding, Jinxin Zhou, Xiao Li, Chong You, Jeremias Sulam, and Qing Qu. A
geometric analysis of neural collapse with unconstrained features. Advances in neural information
processing systems, 34:29820-29834, 2021.

11



Under review as a conference paper at ICLR 2024

A APPENDIX

A.1 PROOF OF THEOREM 1

We denote x; ; as the output of /-th layer of neural network with input data sample x;:

1= (Fps- o (Fea) ). (16)
The Hessian trace of loss function tr(H ) can be represented as:
M4 !
tr(H}) = Z (V3 L)+ Z (Ve Fip L) (17)
p=1 lo=1

where v, denotes the p-th column of v. The gradient of L with respect to v is

oL 1 o OL(f (i), yi) 0.fp (i) 1 — OL(f (), i)

vy n& dfp(@)T vy nSd fy(x)T

Vec(a:L,l-)T, (18)

where f),(x;) denotes the p-th element in f(x;). So, the second-order derivative is as follows:

_1 i OL(f(zi), yi)
Ofp (@) fp(xi)"

Because the output of the classifier does not change, V2L is independent of v and will not change.
For the second part:

Vec(a:L,,-)Vec(wL,i)T. (19)

IL(f().y) [ 7 T s T , _
Vuee(ry) L = nZ—a o (V] [Caavee @) @ 1)M,] [Z1iti 0 ¢(@1o)] . 20)
! g=l+1

i=1

where %;; = Diag [1 {vec(z;;) > 0}], ; € R‘“’“L”X'“””J'ﬂ is an identity matrix, and M; is an
indicator matrix satisfying vec(¢(x;,;)) = Myvec(x;;) (Wul 20205 Vedaldi & Lenc, 2015). So the
second order derivative is:

2 L-1 T
Vcc(FlO Z 0L (:). i) {VT ]_[ [(Zq.ivec(Fy)" ® 1,)M] |21 ®¢(a:l,,»)]} )

af(@)Taf (@)’ el
L-1

{vT ]_[ [(Zq.ivec(Fy)" ® Ip)My] [Z1:1) ®¢(ml,i)]}. (21)
g=l+1

We use § to denote ]—Iq T [ CEquivec(F)T @ 1n)My] [Z1,i ® ¢(x1,;)] . And tr(Hp) can be ex-
pressed as:

NN PL((=). y0) 2, PLf(®). Y1) ot 7
= 3 e 3 S el )

(22)

So the trace of Hessian can be upper bounded by:

0 PLG @), ) 2, VP LU @) y1)_gr
= 5,5 ettt B 5 S s

(23)

Thus, we have finished the proof of the upper bound. For the lower bound, because 88 is semi-
positive definite, so we factorized it as:

A0
88" =0 [0 0] o’ (24)

1| A| denotes the number of elements in A.
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where Q is orthogonal matrix and A is is a diagonal matrix. The second part of Eq. (22)) can be lower
bounded as:

%L ;
vec(Fz) Z Z af(w({T(;cf)( y ))T r(8Tw'8) (25)
1’ N OPL(f (=), yi) oA 0] or
_12121 of@)Tof @) Q[O ¢ 20

-1
(w70 [3 gQT)tr([AO 8])

1 OPL(f (), u)

_1 27
IZH 3 (@) o f (i) tr([/\' 8]> @7
Lo PL(f(x).y) VI
> 24 24 57T T WA 29

(29)

Thus, we have finished the proof of lower bound.

The first part is independent with ||v||>. And the second part is linearly dependent on ||v||>. So if
[|v]|? is minimized, then the upper and lower bound of the Hessian trace will also be minimized, and
we end the proof.

A.2 PROOF OF THEOREM 2

For ResNet, which uses skip connection that bypasses the non-linear transformations:

Tok+1,i = O (Fog * 0 (For—1 * Tak-1,i) + T2k-1,i) (30)
=0 (Fox * Tok,i + Tok-1,i) 3D
It can also be represented as:
vec(Tors1,i) = Tok,i [vec(Fax * ok ) + vee(wak—1.) | (32)
ok ilak ® ¢(@ak,i)vec(Fax) + Zog,ivec(Tok-1,i)
- (33)
Sok,i (Fyy ® L) Marvec(xar,i) + Zok.ivec(@ak-1,)
So the gradient with respect to vec(F') and vec(xpy_1) is:
ovec(xak+1,i) T T
———— = i(Fy, @ Dy )Mo Zop_1.i(Fy,_ @ Ij_1)Mop_1 + Zog; 34
vec(ma 1 1) 2k,i (Fyy ® D)Mo Zog—1,; (Fyy_ ® Dpg—1)Mog—1 + Zox, (34)
ovec(Tak+1,i)
———= =Y. ® ; 35
vec(Fo)T 2k,il2k ® G(T2k,i) (35)
0VCC($2k 1,')
= o i (F ® L) MaxZak-1,iTok-1 ® (217 (36)

dvec(Fy-)T
We assume that / is multiples of 2, i.e. 3¢ s.t. / = 2¢, and we represent the neural network as follows:
f(@;) = vvec(o (Fy = o i+ T2r-1,1)) (37

The gradient of f with respect to vec(FyO) and vec(F>,_) are:

ovec(xar41,i) . | Ovec(Tapy+1,i)
Vy . : 38
0! = G [Ul Gvecls, 17| dvec(Fa) 9
ovec(xar41,i) . | Ovec(Tay+1,i)
\Y : 39
VCC(FZZO—I)f 3VCC(:132,+1 l) [1_[ dvec(wa, ll)T avec(Fy_1)T (39
(40)
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Ovec(ayy+1,i) Ovec(@ayy+1,i)
et | T 1)‘%2:1 Svec(Fa T
dvec(Fyy) ovec(Fy_1)

We denote [H, —I+1 h;m')] []lr%Z:O[ ” as 8. The Hessian
1,i

trace can be represented as

I 0 PL(f (), )

—_ N2
tr(Hp) AP @)Tof, (@ i)T||V€C(fBL,l)|| + (41)
1 l 62L(f(ml) Yi) oT. . T
- E tr{—af(:c 7o/ (a )TS vy S} (42)

i=1 [y=1

This has the same form as Eq. (22)). So the Hessian trace is upper bounded by:

no Mmrqi 2 ) . 2 5 . .
w(H,) < ZZ aa L(f(x:), i) Ivec(zL )| + |v|| ZZ { O2L(f (i), yi) sTs},

= i 0fp(x)Tofp (@) — = 0f(@)Tof (w)"
(43)
and lower bounded by:
LB L (=), i) OPL(f(x),yi) IvIP
V36C<F) > = Z Z fT i) Yi - ”VCC(QZL,[)”Q Z Z fT i) Yi - —
! n = O0fp (i)' 0 fp (i) nit = of () df(x)" (A~
(44)
A.3 PROOF OF THEOREM 3
When neural networks using dense connective pattern, which is represented as follows:
@t =0 (Fy* @, @)) (45)
l
=0'(ZFl * ;i) (46)
j=1
We vectorize it and represented the dense connection as:
!
vee(@ps10) = Xy | ) (FT @ Ij)vec(¢(x;.1) (47)
j=1
l
= 2 [EuE @ 1vec(s (@, (48)
Jj=1
The neural network with L convolutional layer can be represented as:
f(@) = vl vee(zr,) (49)
The gradient of p-th layer output with respect to g-th layer output is:
[)vec(:cp i)
2i(F] ®1)M; 50
avec(:cq,)T Z]—[ J ( ® ) ( )
0=q j=q
So the gradient of f with respect to vec(Fj) is:
Of(xi) _ _ O0f(mi) Ovec(mryi) dvec(xis) 51)
ovec(F)T  Ovec(zp)T dvec(xyy)T Ovec(F))T
L o
D2 E @ 1)M;| i @ g(a1) (52)
o=l+1 j=q
=v'8 (53)
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The trace of Hessian can be represented as

mr+1 n (92L(f(a3,), yl)
tr(Hp) = Z Z 3 fy (@) 01, ()T llvec(zr )I*+ (54)
! PLUf (@), Y) o1 7
ZZ{WS ws| (55)

This has the same form as Eq. (22). So the Hessian trace is upper bounded by:

n_mpi 2 N 2 L on 2 AT
N Z Z ' PLU@Y) oo P @ZZH{MSTS}’
izl lo=1 i=1

fp(@)Tofp(x)T af(x)Tof(x:)"

(56)

and lower bounded by:

LGRS L (=), ui) PL(f(xi),y:) IIvIP
\& Lz e |vee(z ) |1 + .
=5 Ly 24 5, @) To fy ()T IZI Zl 81 (@) o[ (@) t(A)

(57)

A.4 PROOF OF THEOREM 4

For a fully connected neural network. Let {(x1,y1), -+, (Xu, Yn)} be a set of n training samples. We

consider 1-hidden-layer neural networks as follows.

f@) =vieW/ oW, - ac(Wz)-)) (58)

where o-(x) = max{0,x} is the entry-wise ReLU activation. W; € R™-1*"  Given input x;, We
denote the output after the /y-th layer using x;, ;

wpi=c(WloW/_ oWz ) (59
!
= |z.:Wha (60)
r=1

where 2 ; = Diag(]l{WlTwi > 0}), and %, ; = Diag [ {WT(HZO ! o Whz > OH We have

f(x;) = vI'z; ;. The Hessian trace of loss function tr(H ) can be represented as:

mis) l
tr(Hp) = Z (V2 L)+ Z (Ve D 61)
p=1 lh=1

where v, denotes the p-th column of v. The gradient of L with respect to v is

OL ‘Z OL(f(x;),yi) 0fp(xi) _Z OL(f(x;),yi)
av,, dfp(x)T v, 0 fp(x)T

where f,(x;) denotes the p-th element in f(x;). So, the second-order derivative is as follows:

vec(zri)7, (62)

vec(zp ;)vec(zr ;)T . (63)

1 Z O?L(f(x;),y:)
Afp(x)T0fp(xi)T

The gradient of L with respect to the p-th column of W; (denoted by W, ;) is :

Vp

CIROLG@) ) | 1 T e w0
Vw, L=~ Z} oyt |V ] 2wz, @) (64)

r=Il+1
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where 0, (x; ;) denotes a m;,; X m; matrix in which the p-th row equals to the p-th row of x; ; and
the other m;; — 1 rows equals are all zeros. And the Hessian of L with respect to W), ; is

PL(f (20).9) o
Wpl - Z af(CC )Taf(zcl)T T(rljll E,- zW )le p(wl l)l [VT(rE[l z:r,iVVrT)Zl,iOp(ml,i)l

(65)
10 PLU @)
n < of(x)of(e)"
Thus, the trace of Hessian has the same form as Eq. (22). So the it is upper bounded by:

o ! 62L(f(mi),y,~) 2, |V||2 62L(f(wi)’ Yi) or
w(HL) <5 Z Z 3 (@0 gyt e IZIZ {aﬂwi)Taf(wi)TS S}’

STwls (66)

(67)
and lower bounded by:
) 1GE L (). yi) el Lo L)y VI
Vil > 5 2y 24 5 Gy Gt YR T 2 2 5T T A
(68)

B HESSIAN ANALYSIS OF SOS DURING TRAINING

The evolution of the trace of Hessian during training with and without SOS is show in Fig.[7] We
train VGG16 and ResNet18 on CIFAR10 and CIFAR100 dataset for 200 epoches and visualize the
trace of Hessian during training. It shows that the trace of Hessian during training is keep increasing.
However, when we apply SOS to the model during training, the trace of Hessian has been minimized,
which indicates a better generalization ability.
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Figure 7: Visualization of the Hessian trace for different models and dataset with and without SOS
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C SocCIAL IMPACTS

As a new method to change the parameters of neural network and increase the generalization ability,
it may be beneficial to models applied in different fields such as computer vision. Besides, it may
boost the studies in generalization and loss landscape analysis. Thus, we believe that our algorithm
will bring positive impacts on both academia and industry.
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