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Abstract

Recent work has shown that training speed, as estimated by the sum over training
loss, is predictive of generalization performance. From a Bayesian perspective,
this metric can be theoretically linked to marginal likelihood in linear models.
However, it is unclear why the relationship holds for DNNs and what the underlying
mechanisms are. We hypothesise that this relationship holds in DNNs because of
network flatness, which causes both fast training speed and good generalization.
We also investigated the hypothesis in varying settings and found that it might hold
when the variance in the stochastic gradient estimation is moderate, with either
logit averaging, or no data transformation at all. This paper specifies the conditions
future works should impose when investigating the connecting mechanism.

1 Introduction

The problem of how neural networks generalise to unseen data is not considered fully answered. The
neural network community is still in search of plausible explanations of generalisation, possibly with
non-vacuous bounds, based on realistic assumptions. The large-scale investigation by [Jiang et al.
[2020] showed the potential of optimisation-based measures in predicting generalisation. Specifically,
the optimisation-based measure training speed was studied by |Lyle et al.[[2020] and Ru et al.| [2020].
Lyle et al.|[2020] introduced the sum over training losses (SOTL) as a measure for training speed:

SOTL = ZtT:_Ol R (6;), where R (0,) is the training loss of the model at the end of epoch ¢t and T'
is the number of epochs. In this paper we empirically explore the training-speed explanation of
generalisation.

They conjectured that the SOTL measures how well parameter updates transfer across mini-batches
of training data, hence connecting training speed and generalisation. For linear models and infinitely
wide networks, the SOTL estimates a lower bound of the marginal likelihood, which is a principal
tool for Bayesian model selection. For deep neural networks, training speed’s predictive power was
illustrated by |Ru et al.|[2020], where it was used as a heuristic in Neural Architecture Search.

The flatness hypothesis We hypothesise that the connection between fast training speed and good
generalisation can be explained by network flatness. [Hochreiter and Schmidhuber| [[1997] suggested
that flatter minima require less information to describe to a certain accuracy. The smaller minimum
description length (MDL) of flatter minima can contribute to a better generalisation performance. The
PAC-Bayes bound [McAllester, |1999] also connects the generalisation of neural networks to a notion
of flatness, via the KL divergence between the weight prior and posterior. Later works [Dziugaite
and Roy, 2017} Neyshabur et al.l 2017] showed that one can derive a good measure of generalisation
(PAC-Bayes sharpness, defined in Equation [7) using simple prior and posterior forms. If one takes
a posterior of the isotropic Gaussian form, the PAC-Bayes sharpness is the inverse of the Gaussian
variance. The variance can in turn be an indirect measure of posterior weight around the minimum
found.
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2 Experiment

In the experiments we aim to answer two questions: (1) What are the conditions under which the
connection between training speed and generalisation exists for deep neural networks? (2) What are
the conditions under which the flatness hypothesis might hold? We trained a diverse set of neural
networks with different training hyperparameters. To observe the effects of each hyperparameter, we
set up 5 experimental groups beside 1 control group, varying one single property at a time.

2.1 Setup

We chose the CIFAR10 [Krizhevsky et al.,[2009] visual classification task for our experiment. 270
networks were trained, split into 6 groups (1 for control and 5 for experiment). In each group. 5
learning rates 0.001, 0.0016,0.003, 0.006, 0.01, 3 network widths 8,12, 16, and 3 network depths
2,3, 4 are used. These settings represent the regime of hyperparameters often used in practice. Each
group contains a total of 5 x 3 x 3 = 45 training runs. We used the cross entropy as the risk function.
A run is terminated when the training loss reaches 0.01 (the same stopping criterion was used by
Jiang et al.| [2020], Dziugaite et al.| [2020]), or when it has been trained for 400 epochs.

In the control group we used an architecture free of batch normalization [loffe and Szegedyl 2015] with
SGD as the optimiser and no data augmentation. We will explain the variations of the experimental

groups in section[2.3]

For each run we monitor the final generalisation error and several complexity measures. We also
monitor three measures related to training speed [Lyle et al.| [2020, Ru et al., [2020]: Sum Over
Training Loss (SOTL), Sum Over Training Loss of the last E epochs with E=50 (SOTL-E_50), and
Training Speed Estimator-Exponential Moving Average (TSE-EMA). SOTL-E_50 and TSE-EMA are
variants of the SOTL that focus on late-stage and early-stage training speed respectively. Two other
measures are related to the network flatness are also monitored: PAC-Bayes Sharpness [McAllester,
1999, Dziugaite and Royl 2017, Neyshabur et al., |2017]], and Value sensitivity [Neu, 2021]. The
former is known to provide a non-vacuous bound for generalisation, while the latter can be used to
derive an information-theoretic generalisation bound for stochastic gradient descent. We define these
quantities formally in Appendix [A]

2.2 Evaluation

We used Kendall’s ranking-correlation coefficient and Normalised Conditional Mutual Information
(NCMI), similar to the setup of Jiang et al.|[2020], as evaluation criteria for assessing the complexity
measure’s predictive power of the generalisation error. The Kendall coefficient between two entities
a and b measures their correlation through ranking and is denoted by 7 (a, b). The conditional mutual
information between a and b measures how much information about variable « is revealed through b.
We can then normalise the entity by the amount of information there is in variable a, usually the value
of a complexity measure in our experiments. We denote the minimum NCMI of a complexity measure
wby K (u), and the average NCMI by K (). The larger the coefficient, the more correlated are the
two entities. The higher the NCMI value, the more likely there is a causal connection between the
complexity measure and the generalisation error. In preliminary experiments, we found TSE-EMA
to be a robust predictor of generalisation so we calculate the correlation coefficients between it and
other complexity measures too.

2.3 Results

We present the full results of the networks trained in Appendix [C] In the main text we present a
selection of results and the insights drawn from them. More analysis is in Appendix [B]

Control Group In the control group we used the MLP architecture and initialisation
[De and Smith, [2020] without batch normalization [loffe and Szegedyl 2015]. We chose
this architecture because we wished to study the effect of batch normalization explic-
itly in one of our experimental groups. We present the important quantities in Table [I]
We found that in the control group, the SOTL and the TSE-EMA are both very corre-
lated with the generalisation error, according to the Kendall’s ranking-correlation coefficient
and the NCMI. Therefore training speed exhibits a strong connection with generalisation.



The  flatness-based Table 1: The important analytical quantities of the complexity measures

measures have considered in the control group. Bold values indicate the largest value by
relatively weaker magnitude. ¢ is the generalisation error.

correlations with the

generalisation error, Control group Average test accuracy: 71.1 %
although still signifi- =

cant, They also have " K(p) K1) 7(ug) 7(uTSEEMA)
strong  correlations SOTL 0.130 0.325 0.640 0.949

with the training speed. SOTL-E_50 0015 0050 -0.228 -0.125
Hence in this group,

the flatness hypothesis TSE-EMA 0.123 0310 0.610 -

might hold for the = “prc paves sharpness 0071 0266 0.392 0.642
connection between

training speed and Value sensitivity 0.037 0.262  0.400 0.644

generalisation.

Experimental Groups 1 and 2: Data Augmentation We considered two forms of data augmenta-
tion. In experimental group 1 we applied to each image a standard transformation every epoch: a
random cropping of 32 x 32 pixels, with a padding of 4 pixels, followed by a horizontal flip with
probability 0.5; In experimental group 2, we used logit averaging [Nabarro et al,2021]]: we applied
the same transformation 4 times to each image, resulting in 4 different images. Then the logits
(unnormalised categorical probabilities) of the 4 images are averaged before loss is calculated.

The results from
these two groups are
presented in Table
We found that

Table 2: The important analytical quantities of the complexity measures
considered in the experimental groups 1 and 2. g is the generalisation error.

in both groups, the Experiemntal group 1 A\ierage test accuracy: 85.0 %
average test accuracies I K(p) K(p) 7(u,9) 7 (u, TSE-EMA)
increased, compared SOTL 0.116 0222 -0.097 0.820

to the control group.

For all 45 differ- TSE-EMA 0.032 0.140 0.046 -

ent .hyp.erp arameter Experiemntal group 2 Average test accuracy: 82.6 %
combinations, using _

data transformation I K(p) K(p) 7(n,g9) 7(u, TSE-EMA)
improves both - the SOTL 0.035 0.154 0414 0.907
network flatness and

the generalisation per- TSE-EMA 0.029 0.150 0.428 -
formance. - However, ~pac_Bayes sharpness  0.038  0.156  0.473 0.651

we found that the

correlation between Value sensitivity 0.031 0.138 0.469 0.644

generalisation  error

and measures related

to training speed are negligible or negative. This might be due to the distribution shift between original
and transformed images: training loss is calculated on transformed images while generalisation error
is calculated on original images. Using logit averaging fixes this problem: both the training loss
and the generalisation error are calculated on transformed images. We found that in experimental
group 2, training speed measures are strongly correlated with the generalisation error, and flatness
measures are strongly correlated with TSE-EMA. Therefore, the connection between training speed
and generalisation does not exist when data transformation is used. It exists, however, when logit
averaging is used together with data transformation, and the flatness hypothesis might account for it
then.

Experimental Group 3: Variance of the Stochastic Gradients In this group we used Stochastic
Gradient Langevin Dynamics (SGLD) to increase the variance in the gradient estimator. The results
are displayed in Table[3] The average test accuracy in this group is 78.4%, 7.3% higher than the control
group. In this group we found that flatness measures fail to predict generalisation: they have negative
correlation coefficients with the generalisation error. We found that for all 45 hyperparameter combi-
nations, SGLD makes networks generalise better but the minima found sharper or flatter randomly.



Hence although we Table 3: The important analytical quantities of the complexity measures
did find the connec- considered in the experimental group 3. g is the generalisation error.
tion between gener-

alisation and training Experiemntal group 3 Average test accuracy: 78.4 %

speed, network flat- =

noss cannot be the z K(p) K() 7(ng) 7(uTSEEMA)

cause. PAC-Bayes sharpness  0.015 0.048  -0.253 -0.022
Value sensitivity 0.041 0.060 -0.154 -0.085

3 Conclusion

In line with the work of [Lyle et al.|[2020], Ru et al.|[2020], we showed that training speed exhibits a
connection with the generalisation performance of deep neural networks. We extend the work by
empirically showing that the connection exists when the neural architecture is Skiplnit or ResNet,
when the optimiser is SGD or SGLD, and when logit averaging is used for data augmentation or no
data augmentation is used at all. Additionally, we showed that network flatness might explain this
connection when SGD is used as the optimiser, when SkipInit or ResNet is used as the architecture,
and when logit averaging or no data augmentation is used. Experimenting further under these
conditions is a direction for future work in order to understand the true mechanism of the connection.

4 More Related Work

There have been numerous attempts at bounding the generalisation performances using classical
methods from a learning theory perspective. Hardt et al.|[2016] showed that when stochastic gradient
descent is used as the optimisation method, parametric models have vanishing generalisation errors;
Hochreiter and Schmidhuber] [1997]] and [Keskar et al.|[2017]] demonstrated that the network flatness
can explain generalisation from the perspective of minimum description length; McAllester|[[1999]
drew from the probably approximately correct theory and the Bayesian theory of learning and
derived a bound for generalisation; Jacot et al.|[2018]] used infinite-width network dynamics to
explain generalisation. However, these methods suffer from serious flaws such as vacuous bounds, as
pointed out by |[Dziugaite and Roy| [2017] and [Neyshabur et al.|[2017]; they may exhibit paradoxical
behaviours under equivalent network reparameterisation shown by |Dinh et al.[[2017]; or they may
require unrealistic assumptions such as the network being infinitely wide; or that the connection
might not exist when a different, but commonly used optimiser is used [Zhang et al.| 2021]. These
works inspire us to find the practical conditions under which the connection might exist.
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A Formal Definitions of Complexity Measures

Let T be the number of total epochs, 6 be the network parameters, and R be the risk function. We
can then denote the training loss at the end of epoch ¢ by R (6;).

SOTL We can define the Sum Over Training Losses:
T-1
SOTL =Y R(0:). (1)

t=0

TSE-EMA The Training Speed Estimator-Exponential Moving Average is a variation of the SOTL
and it is a weighted average of the training losses. Training losses in earlier epochs are given more
weight than those in later epochs:

T—1
TSE-EMA = Y 0'R(0;). 2)
t=0
SOTL-E The Sum Over Training Losses of the last E epochs (SOTL-E) is another variation of the
SOTL, which only considers the training losses of the last &2 epochs of training:
T—1
SOTL-E = Z R(6,). (3)

t=T—-FE

PAC-Bayes sharpness To calculate the PAC-Bayes sharpness, we first define a 0-1 loss on a
datapoint (z, y):

R(fo(z),y) =1 [arg max fo(z); = y} : )
where fy is the function implemented by the network and fy () gives a vector of the probabilities
for the categorical distribution.

We can then define the empirical 0-1 loss on the training set Dipgin =
{(x17y1)7($27y2)7"'>(x\Dtmmhy\Dtmml)}:

|'Dt7‘a7m,‘
. 1 .
Remp (97 Dtrain) = ‘ Dt ] | § R (fé’ (xz) 9 yi) . (5)
rain i—1
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‘We can then have:

5% = sup ({0% | Egrn(0.021) [Remp(8', Dirain) | < 0.13) . (6)
and define the PAC-Bayes sharpness:
1
PAC-Bayes sharpness = — . (7N
g

Value sensitivity The definition of the value sensitivity is closely related:

Value sensitivity = Egr.x(9.0.017) [Rem,, 2 Dtmm)] . (8)

B Additional Analysis of Experimental Results

Experimental Group 4: Convolutional Layers We used Multi-Layer Perceptrons (MLPs), an
architecture without convolutional layers, in this experimental group. We found that this group has an
average test accuracy of 47.4%. We found the generalisation performance of networks were very
poor and most measures have relatively small correlation coefficients with the generalisation error.

Experimental Group 5: Batch Normalization In this group we used the Residual Network
(ResNet) architecture [He et al., 2016, with batch normalization. They have an average test accuracy
of 71.1%, the same as the control group. This validates our choice of the architecture in the control
group that does indeed match the performance of ResNets, which are often used in practice.

Additionally, we found that measures related to training speed have better predictive power of the
generalisation error than the control group in general. However, flatness-based measures have weaker
correlations with the training-speed-based measures. This indicates that with batch normalization, it
is less likely that network flatness causes the connection between training speed and generalisation.



C Full Results of Networks Trained

No Aeh Opim Aw Dt Wih LR o, oo som Po gn Gl L0
1 Skiplnit SGD False 4 16 0.01 75.66 0.242 0.019 0.019 0.64 0.038 0.001
2 Skiplnit SGD False 4 16 0.006 73.82 0.26 0.021 0.021 0.741 0.044 0.003
3 Skiplnit SGD False 4 16 0.003 72.46 0.275 0.025 0.025 0.933 0.05 0.004
4 Skiplnit SGD False 4 16 0.0016 71.61 0.284 0.03 0.028 1.152 0.059 0.006
5 Skiplnit SGD False 4 16 0.001 70.35 0.296 0.035 0.024 1.335 0.064 0.007
6 Skiplnit SGD False 4 12 0.01 75.02 0.248 0.021 0.021 0.718 0.036 0.001
7 Skiplnit SGD False 4 12 0.006 73.95 0.259 0.023 0.023 0.837 0.041 0.002
8 Skiplnit SGD False 4 12 0.003 73.55 0.264 0.027 0.025 1.046 0.048 0.003
9 Skiplnit SGD False 4 12 0.0016 71.55 0.284 0.033 0.023 1.272 0.057 0.005
10 Skiplnit SGD False 4 12 0.001 70.93 0.29 0.039 0.021 1.455 0.062 0.006
11 Skiplnit SGD False 4 8 0.01 73.55 0.263 0.023 0.017 0.783 0.034 0.001
12 Skiplnit SGD False 4 8 0.006 72.1 0.277 0.025 0.016 0.905 0.039 0.002
13 Skiplnit SGD False 4 8 0.003 70.62 0.293 0.03 0.02 1.117 0.048 0.003
14 Skiplnit SGD False 4 8 0.0016 70.03 0.299 0.036 0.02 1.345 0.055 0.005
15 Skiplnit SGD False 4 8 0.001 69.59 0.304 0.043 0.018 1.521 0.061 0.006
16 Skiplnit SGD False 3 16 0.01 74.11 0.257 0.019 0.019 0.669 0.037 0.001
17 Skiplnit SGD False 3 16 0.006 73.04 0.269 0.021 0.021 0.785 0.042 0.002
18 Skiplnit SGD False 3 16 0.003 72.18 0.278 0.026 0.026 0.995 0.05 0.004
19 Skiplnit SGD False 3 16 0.0016 71.86 0.281 0.032 0.025 1.23 0.057 0.005
20 Skiplnit SGD False 3 16 0.001 71.06 0.289 0.037 0.022 1.419 0.064 0.006
21 Skiplnit SGD False 3 12 0.01 72.84 0.27 0.022 0.022 0.778 0.036 0.001
22 Skiplnit SGD False 3 12 0.006 72.53 0.274 0.024 0.024 0.898 0.041 0.002
23 Skiplnit SGD False 3 12 0.003 70.3 0.297 0.029 0.025 1.103 0.048 0.003
24 Skiplnit SGD False 3 12 0.0016 69.49 0.305 0.035 0.022 1.319 0.057 0.005
25 Skiplnit SGD False 3 12 0.001 68.85 0.311 0.042 0.019 1.481 0.062 0.006
26 Skiplnit SGD False 3 8 0.01 70.5 0.293 0.024 0.015 0.828 0.035 0.001
27 Skiplnit SGD False 3 8 0.006 69.17 0.306 0.026 0.016 0.958 0.039 0.002
28 Skiplnit SGD False 3 8 0.003 68.84 0.31 0.031 0.02 1.164 0.048 0.003
29 Skiplnit SGD False 3 8 0.0016 68.65 0.313 0.038 0.018 1.374 0.055 0.005
30 Skiplnit SGD False 3 8 0.001 67.85 0.321 0.045 0.016 1.534 0.06 0.006
31 Skiplnit SGD False 2 16 0.01 72.13 0.277 0.021 0.021 0.736 0.036 0.001
32 Skiplnit SGD False 2 16 0.006 71.71 0.282 0.024 0.024 0.871 0.041 0.002
33 Skiplnit SGD False 2 16 0.003 70.57 0.294 0.029 0.024 1.1 0.048 0.003
34 Skiplnit SGD False 2 16 0.0016 69.76 0.302 0.037 0.018 1.329 0.055 0.004
35 Skiplnit SGD False 2 16 0.001 69.72 0.303 0.044 0.016 1.493 0.06 0.006
36 Skiplnit SGD False 2 12 0.01 70.83 0.289 0.022 0.022 0.807 0.036 0.001
37 Skiplnit SGD False 2 12 0.006 70.12 0.297 0.025 0.023 0.936 0.041 0.002
38 Skiplnit SGD False 2 12 0.003 69.94 0.3 0.03 0.022 1.161 0.048 0.003
39 Skiplnit SGD False 2 12 0.0016 69.08 0.309 0.037 0.019 1.39 0.057 0.004
40 Skiplnit SGD False 2 12 0.001 69.0 0.31 0.044 0.017 1.56 0.062 0.006
41 Skiplnit SGD False 2 8 0.001 69.22 0.308 0.048 0.013 1.578 0.059 0.005
42 Skiplnit SGD False 2 8 0.01 71.33 0.284 0.025 0.013 0.846 0.034 0.001
43 Skiplnit SGD False 2 8 0.0016 69.98 0.3 0.04 0.015 1.405 0.052 0.004
44 Skiplnit SGD False 2 8 0.006 71.02 0.289 0.027 0.016 0.97 0.038 0.002
45 Skiplnit SGD False 2 8 0.003 70.74 0.291 0.033 0.016 1.186 0.046 0.003

Table 4: Results from the control group.



Iz‘;’.' Arch. Optim.  Aug.  Depth  Width LR ac?(ﬁ‘% ) S;:r SOTL _S]?_TSLO g;[i PS’;S;;ZYSES \s’:[ll‘;e
1 Skiplit ~ SGD  True 4 16 0.01 87.53 021 0029 0005  0.886 0.029 0.001
2 Skipnit ~ SGD  True 4 16 0.006 86.65 013 0032 0005 0998 0.033 0.001
3 Skiplnit ~ SGD  True 4 16 0.003 8551 0.142 0038 0005  1.185 0.038 0.002
4 Skiplit ~ SGD  True 4 16 00016 8491 0147 0047 0005 1377 0.042 0.003
5 Skiplnit ~ SGD  True 4 16 0.001 8368  0.157 0055 0006 1524 0.048 0.004
6 Skiplnit ~ SGD  True 4 12 0.01 8806  0.116 0032 0005 0931 0.028 0.001
7 Skiplnit ~ SGD  True 4 12 0.006 87.71 0.12 0036 0005  1.056 0.032 0.001
8 Skiplit ~ SGD  True 4 12 0.003 8693 0128 0043 0005 1252 0.036 0.002
9 Skiplnit ~ SGD  True 4 12 00016 8507 0143 0051 0006 1448 0.042 0.002
10 Skiplit ~ SGD  True 4 12 0.001 8457  0.134 005 0009  1.602 0.048 0.003
11 Skiplnit ~ SGD  True 4 8 0.01 86.86  0.119 004 0006  1.008 0.027 0.001
12 Skiphit  SGD  True 4 8 0.006 8618 0.127 0044  0.007 1.13 0.03 0.001
13 Skiphit  SGD  True 4 8 0.003 8578  0.124 0051 0008 1324 0.037 0.002
14 Skiplit  SGD  True 4 8 00016 8365 0124 006 0011 1.52 0.041 0.003
15  Skiphit  SGD  True 4 8 0.001 83.02 0.1 0068 0015  1.669 0.046 0.003
16 Skiphit ~ SGD  True 3 16 0.01 8704 026 003 0005  0.896 0.029 0.001
17 Skiphit ~ SGD  True 3 16 0.006 86.6 0131 0033 0005 1017 0.032 0.001
18 Skiplit  SGD  True 3 16 0.003 8594 0.137 004  0.005 121 0.037 0.002
19 Skiphit ~ SGD  True 3 16 0.0016 8468  0.148 0048 0005 1405 0.041 0.003
20 Skiphit ~ SGD  True 3 16 0.001 81.82 051 0056 0007 1561 0.047 0.004
21 Skiplit ~ SGD  True 3 12 0.01 8746 0.123 0035 0005 0992 0.027 0.001
22 Skiphit ~ SGD  True 3 12 0.006 8679  0.129 0039 0004 1116 0.03 0.001
23 Skiphit ~ SGD  True 3 12 0.003 8569  0.134 0046 0006 1303 0.036 0.002
24 Skiphit ~ SGD  True 3 12 00016 8379  0.142 0056 0008 1486 0.042 0.003
25 Skiplit  SGD  True 3 12 0.001 8304  0.134 0064 0011  1.622 0.048 0.004
26 Skiplit ~ SGD  True 3 8 0.01 8512 0.133 0043 0008  1.065 0.027 0.001
27 Skiphit ~ SGD  True 3 8 0.006 8301  0.124 0047  0.008 118 0.032 0.001
28 Skiphit ~ SGD  True 3 8 0.003 8372 0132 0054 001 1.355 0.038 0.002
29 Skiplit  SGD  True 3 8 0.0016 83.6 0.117 0063 0013 1533 0.041 0.002
30 Skiplit  SGD  True 3 8 0.001 8265 0096 007 0016  1.668 0.046 0.003
31 Skiplnit ~ SGD  True 2 16 0.01 8599 0.37 0037 0005  1.003 0.026 0.001
32 Skiphit ~ SGD  True 2 16 0.006 85.4 0.137 0041 0005 1126 0.03 0.001
33 Skiphit  SGD  True 2 16 0.003 8466 0.143 0048 0006 1306 0.036 0.002
34 Skiphit  SGD  True 2 16 00016 8399  0.45 0057 0009 1487 0.042 0.003
35 Skiphit ~ SGD  True 2 16 0.001 8306 031 0066 0012  1.623 0.048 0.004
36 Skiphit ~ SGD  True 2 12 0.01 8613 0122 0039  0.006 1.02 0.027 0.001
37 Skiphit ~ SGD  True 2 12 0.006 8633 0126 0042 0006  1.146 0.03 0.001
38 Skiplit  SGD  True 2 12 0.003 8504  0.133 005 0008 1344 0.036 0.002
39 Skiphit  SGD  True 2 12 00016 8497 0116 0059 0011 1538 0.041 0.002
40 Skiplit  SGD  True 2 12 0.001 8264 0112 0067 0014  1.685 0.046 0.003
41 Skiplnit ~ SGD  True 2 8 00016  83.65 008 0066 0016 1533 0.041 0.002
42 Skiplit ~ SGD  True 2 8 0.003 83.76 0.1 0058 0.013 134 0.036 0.002
43 Skiplit  SGD  True 2 8 0.006 84.1 0108 0051 0011  1.159 0.03 0.001
44 Skiplit ~ SGD  True 2 8 0.01 8557 0111 0048 0011  1.045 0.027 0.001
45 Skiplnit ~ SGD  True 2 8 0.001 8234 0066 0072 0018  1.685 0.044 0.003

Table 5: Results from experimental group 1 with straightforward data augmentation.



Noo Amh Opim A Dk Wah IR o oo som P gy GRS G
1 Skiplnit SGD Logit avg. 4 16 0.01 84.23 0.089 0.022 0.022 0.814 0.034 0.001
2 Skiplnit SGD Logit avg. 4 16 0.006 83.21 0.079 0.025 0.025 0.928 0.038 0.002
3 Skiplnit SGD Logit avg. 4 16 0.003 83.44 0.077 0.03 0.026 1.11 0.041 0.002
4 Skiplnit SGD Logit avg. 4 16 0.0016 82.5 0.091 0.037 0.022 1.305 0.048 0.003
5 Skiplnit SGD Logit avg. 4 16 0.001 81.77 0.094 0.043 0.02 1.461 0.052 0.004
6 Skiplnit SGD Logit avg. 4 12 0.01 84.36 0.068 0.023 0.023 0.862 0.034 0.001
7 Skiplnit SGD Logit avg. 4 12 0.006 83.88 0.091 0.027 0.026 0.976 0.038 0.001
8 Skiplnit SGD Logit avg. 4 12 0.003 83.3 0.083 0.032 0.022 1.168 0.041 0.002
9 Skiplnit SGD Logit avg. 4 12 0.0016 82.68 0.096 0.04 0.02 1.37 0.046 0.003
10 Skiplnit SGD Logit avg. 4 12 0.001 82.0 0.1 0.046 0.019 1.532 0.052 0.003
11 Skiplnit SGD Logit avg. 4 8 0.01 83.22 0.083 0.026 0.026 0916 0.032 0.001
12 Skiplnit SGD Logit avg. 4 8 0.006 82.87 0.087 0.029 0.022 1.034 0.035 0.001
13 Skiplnit SGD Logit avg. 4 8 0.003 82.93 0.094 0.036 0.019 1.235 0.039 0.002
14 Skiplnit SGD Logit avg. 4 8 0.0016 81.77 0.099 0.045 0.019 1.442 0.046 0.003
15 Skiplnit SGD Logit avg. 4 8 0.001 81.77 0.098 0.053 0.018 1.603 0.05 0.003
16 Skiplnit SGD Logit avg. 3 16 0.01 84.19 0.081 0.022 0.022 0.833 0.034 0.001
17 Skiplnit SGD Logit avg. 3 16 0.006 82.88 0.085 0.025 0.025 0.946 0.038 0.002
18 Skiplnit SGD Logit avg. 3 16 0.003 82.93 0.091 0.031 0.024 1.137 0.041 0.002
19 Skiplnit SGD Logit avg. 3 16 0.0016 81.77 0.103 0.038 0.02 1.339 0.047 0.003
20 Skiplnit SGD Logit avg. 3 16 0.001 82.04 0.094 0.044 0.02 1.502 0.052 0.004
21 Skiplnit SGD Logit avg. 3 12 0.01 83.79 0.075 0.025 0.025 0915 0.033 0.001
22 Skiplnit SGD Logit avg. 3 12 0.006 833 0.088 0.028 0.025 1.032 0.037 0.001
23 Skiplnit SGD Logit avg. 3 12 0.003 83.27 0.086 0.035 0.022 1.223 0.041 0.002
24 Skiplnit SGD Logit avg. 3 12 0.0016 81.75 0.097 0.043 0.019 1.411 0.044 0.003
25 Skiplnit SGD Logit avg. 3 12 0.001 80.99 0.103 0.051 0.019 1.557 0.05 0.003
26 Skiplnit SGD Logit avg. 3 8 0.01 82.12 0.093 0.028 0.023 0.97 0.031 0.001
27 Skiplnit SGD Logit avg. 3 8 0.006 82.37 0.088 0.031 0.021 1.084 0.036 0.001
28 Skiplnit SGD Logit avg. 3 8 0.003 82.83 0.09 0.038 0.019 1.268 0.039 0.002
29 Skiplnit SGD Logit avg. 3 8 0.0016 81.54 0.099 0.047 0.018 1.457 0.044 0.003
30 Skiplnit SGD Logit avg. 3 8 0.001 79.51 0.082 0.055 0.019 1.603 0.047 0.003
31 Skiplnit SGD Logit avg. 2 16 0.01 82.41 0.09 0.026 0.026 0.921 0.033 0.001
32 Skiplnit SGD Logit avg. 2 16 0.006 82.1 0.095 0.03 0.023 1.043 0.036 0.002
33 Skiplnit SGD Logit avg. 2 16 0.003 82.07 0.093 0.036 0.022 1.233 0.041 0.002
34 Skiplnit SGD Logit avg. 2 16 0.0016 82.03 0.093 0.044 0.02 1.421 0.044 0.003
35 Skiplnit SGD Logit avg. 2 16 0.001 81.21 0.105 0.052 0.018 1.564 0.048 0.003
36 Skiplnit SGD Logit avg. 2 12 0.01 83.68 0.077 0.026 0.026 0.928 0.032 0.001
37 Skiplnit SGD Logit avg. 2 12 0.006 83.07 0.081 0.029 0.023 1.054 0.035 0.002
38 Skiplnit SGD Logit avg. 2 12 0.0016 82.24 0.091 0.044 0.019 1.467 0.044 0.002
39 Skiplnit SGD Logit avg. 2 12 0.001 81.99 0.093 0.052 0.018 1.625 0.048 0.003
40 Skiplnit SGD Logit avg. 2 12 0.003 82.58 0.09 0.036 0.021 1.26 0.039 0.002
41 Skiplnit SGD Logit avg. 2 8 0.0016 82.28 0.089 0.05 0.017 1.461 0.041 0.002
42 Skiplnit SGD Logit avg. 2 8 0.01 84.07 0.073 0.028 0.021 0.951 0.03 0.001
43 Skiplnit SGD Logit avg. 2 8 0.006 83.11 0.08 0.032 0.02 1.068 0.033 0.001
44 Skiplnit SGD Logit avg. 2 8 0.003 83.61 0.083 0.04 0.018 1.259 0.038 0.002
45 Skiplnit SGD Logit avg. 2 8 0.001 80.84 0.059 0.055 0.02 1.624 0.045 0.003

Table 6: Results from experimental group 2 with logit averaging.
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No Aeh Opim Mg Dt wih IR, oo osom PO gn G L
1 Skiplnit SGLD False 4 16 0.01 73.53 0.192 0.061 0.022 0.515 0.066 0.013
2 Skiplnit SGLD False 4 16 0.006 83.14 0.165 0.017 0.01 0.358 0.064 0.009
3 Skiplnit SGLD False 4 16 0.003 82.52 0.172 0.013 0.013 0.322 0.057 0.011
4 Skiplnit SGLD False 4 16 0.0016 81.21 0.185 0.013 0.013 0.348 0.057 0.007
5 Skiplnit SGLD False 4 16 0.001 80.52 0.192 0.014 0.014 0.389 0.034 0.001
6 Skiplnit SGLD False 4 12 0.01 68.35 0.103 0.054 0.026 0.575 0.053 0.003
7 Skiplnit SGLD False 4 12 0.006 81.73 0.18 0.019 0.01 0.416 0.067 0.006
8 Skiplnit SGLD False 4 12 0.003 83.29 0.164 0.014 0.014 0.374 0.057 0.009
9 Skiplnit SGLD False 4 12 0.0016 81.92 0.177 0.014 0.014 0.393 0.044 0.002
10 Skiplnit SGLD False 4 12 0.001 80.97 0.188 0.015 0.015 0.437 0.029 0.001
11 Skiplnit SGLD False 4 8 0.01 73.26 0.159 0.048 0.016 0.565 0.071 0.006
12 Skiplnit SGLD False 4 8 0.006 81.28 0.184 0.022 0.01 0.419 0.061 0.008
13 Skiplnit SGLD False 4 8 0.003 80.89 0.188 0.016 0.008 0.396 0.057 0.014
14 Skiplnit SGLD False 4 8 0.0016 78.81 0.21 0.016 0.009 0.457 0.057 0.014
15 Skiplnit SGLD False 4 8 0.001 78.4 0.213 0.018 0.011 0.526 0.041 0.015
16 Skiplnit SGLD False 3 16 0.01 73.95 0.204 0.053 0.019 0.558 0.057 0.006
17 Skiplnit SGLD False 3 16 0.006 82.78 0.169 0.017 0.01 0.381 0.062 0.012
18 Skiplnit SGLD False 3 16 0.003 82.89 0.168 0.013 0.013 0.32 0.057 0.006
19 Skiplnit SGLD False 3 16 0.0016 82.07 0.177 0.013 0.013 0.346 0.041 0.001
20 Skiplnit SGLD False 3 16 0.001 80.52 0.192 0.014 0.014 0.39 0.036 0.0
21 Skiplnit SGLD False 3 12 0.01 70.99 0.217 0.05 0.018 0.589 0.052 0.004
22 Skiplnit SGLD False 3 12 0.006 80.77 0.189 0.021 0.01 0.452 0.061 0.01
23 Skiplnit SGLD False 3 12 0.003 81.46 0.182 0.015 0.01 0.385 0.051 0.011
24 Skiplnit SGLD False 3 12 0.0016 80.75 0.19 0.015 0.015 0.405 0.054 0.015
25 Skiplnit SGLD False 3 12 0.001 79.52 0.202 0.016 0.016 0.462 0.03 0.002
26 Skiplnit SGLD False 3 8 0.01 73.67 0.231 0.048 0.017 0.585 0.059 0.005
27 Skiplnit SGLD False 3 8 0.006 79.24 0.205 0.021 0.01 0.455 0.063 0.008
28 Skiplnit SGLD False 3 8 0.003 78.66 0.211 0.017 0.007 0.437 0.048 0.006
29 Skiplnit SGLD False 3 8 0.0016 77.45 0.223 0.017 0.009 0.49 0.035 0.001
30 Skiplnit SGLD False 3 8 0.001 76.42 0.234 0.018 0.012 0.569 0.027 0.0
31 Skiplnit SGLD False 2 16 0.01 71.42 0.201 0.048 0.016 0.573 0.064 0.006
32 Skiplnit SGLD False 2 16 0.006 81.4 0.183 0.016 0.011 0.403 0.064 0.011
33 Skiplnit SGLD False 2 16 0.003 80.97 0.188 0.013 0.013 0.346 0.041 0.002
34 Skiplnit SGLD False 2 16 0.0016 79.98 0.197 0.014 0.014 0.372 0.026 0.001
35 Skiplnit SGLD False 2 16 0.001 79.48 0.202 0.015 0.015 0.432 0.022 0.0
36 Skiplnit SGLD False 2 12 0.01 63.6 0.04 0.049 0.018 0.535 0.036 0.003
37 Skiplnit SGLD False 2 12 0.006 80.03 0.197 0.019 0.01 0.415 0.057 0.007
38 Skiplnit SGLD False 2 12 0.003 79.93 0.197 0.014 0.014 0.375 0.036 0.005
39 Skiplnit SGLD False 2 12 0.0016 80.06 0.196 0.015 0.015 0.419 0.024 0.001
40 Skiplnit SGLD False 2 12 0.001 78.9 0.209 0.016 0.016 0.498 0.024 0.0
41 Skiplnit SGLD False 2 8 0.006 78.55 0.211 0.024 0.01 0.473 0.048 0.012
42 Skiplnit SGLD False 2 8 0.003 78.14 0.216 0.017 0.008 0.465 0.044 0.005
43 Skiplnit SGLD False 2 8 0.0016 76.7 0.23 0.018 0.009 0.533 0.028 0.001
44 Skiplnit SGLD False 2 8 0.001 76.34 0.234 0.02 0.013 0.62 0.026 0.001
45 Skiplnit SGLD False 2 8 0.01 73.21 0.231 0.053 0.017 0.591 0.064 0.007

Table 7: Results from experimental group 3 with SGLD.
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No Ach  Opim  mg  Deh  Wam IR, oo osom g g oS G
1 MLP SGD False 4 16 0.01 50.55 0.492 0.034 0.007 1.06 0.032 0.001
2 MLP SGD False 4 16 0.006 49.83 0.5 0.037 0.008 1.182 0.037 0.001
3 MLP SGD False 4 16 0.003 49.77 0.501 0.042 0.011 1.399 0.044 0.003
4 MLP SGD False 4 16 0.0016 48.77 0.511 0.05 0.01 1.636 0.052 0.004
5 MLP SGD False 4 16 0.001 47.39 0.525 0.059 0.009 1.821 0.059 0.006
6 MLP SGD False 4 12 0.01 49.24 0.505 0.04 0.008 1.105 0.03 0.001
7 MLP SGD False 4 12 0.006 48.42 0.514 0.042 0.009 1.206 0.036 0.001
8 MLP SGD False 4 12 0.003 48.52 0.514 0.047 0.011 1.387 0.044 0.003
9 MLP SGD False 4 12 0.0016 47.22 0.527 0.056 0.01 1.592 0.052 0.004
10 MLP SGD False 4 12 0.001 46.33 0.536 0.065 0.009 1.758 0.057 0.005
11 MLP SGD False 4 8 0.01 45.61 0.5 0.056 0.012 1.228 0.032 0.001
12 MLP SGD False 4 8 0.006 45.19 0.497 0.057 0.011 1.327 0.036 0.002
13 MLP SGD False 4 8 0.003 44.4 0.516 0.062 0.012 1.504 0.044 0.003
14 MLP SGD False 4 8 0.0016 44.62 0.497 0.07 0.015 1.709 0.055 0.004
15 MLP SGD False 4 8 0.001 44.34 0.474 0.076 0.017 1.87 0.06 0.005
16 MLP SGD False 3 16 0.01 50.3 0.495 0.033 0.009 0.996 0.032 0.001
17 MLP SGD False 3 16 0.006 51.29 0.486 0.034 0.011 1.09 0.038 0.001
18 MLP SGD False 3 16 0.003 49.67 0.502 0.04 0.012 1.27 0.046 0.003
19 MLP SGD False 3 16 0.0016 48.78 0.512 0.048 0.01 1.469 0.052 0.004
20 MLP SGD False 3 16 0.001 47.68 0.523 0.056 0.009 1.63 0.057 0.005
21 MLP SGD False 3 12 0.01 48.29 0.515 0.04 0.008 1.063 0.03 0.001
22 MLP SGD False 3 12 0.006 49.76 0.502 0.04 0.01 1.147 0.036 0.001
23 MLP SGD False 3 12 0.003 47.7 0.522 0.046 0.011 1.308 0.044 0.003
24 MLP SGD False 3 12 0.0016 46.79 0.532 0.054 0.009 1.485 0.052 0.004
25 MLP SGD False 3 12 0.001 45.94 0.54 0.062 0.008 1.633 0.057 0.005
26 MLP SGD False 3 8 0.01 45.68 0.484 0.056 0.013 1.184 0.032 0.001
27 MLP SGD False 3 8 0.006 4535 0.503 0.057 0.011 1.263 0.036 0.002
28 MLP SGD False 3 8 0.003 44.94 0.542 0.061 0.012 1.404 0.044 0.003
29 MLP SGD False 3 8 0.0016 45.05 0.503 0.068 0.014 1.572 0.052 0.004
30 MLP SGD False 3 8 0.001 45.92 0.44 0.075 0.017 1715 0.059 0.005
31 MLP SGD False 2 16 0.01 50.71 0.492 0.032 0.011 0.96 0.032 0.001
32 MLP SGD False 2 16 0.006 50.01 0.499 0.034 0.012 1.048 0.038 0.002
33 MLP SGD False 2 16 0.003 49.98 0.5 0.039 0.011 1.205 0.048 0.003
34 MLP SGD False 2 16 0.0016 48.8 0.512 0.047 0.009 1.377 0.053 0.004
35 MLP SGD False 2 16 0.001 47.76 0.522 0.055 0.008 1.516 0.059 0.005
36 MLP SGD False 2 12 0.01 49.4 0.505 0.038 0.012 1.036 0.032 0.001
37 MLP SGD False 2 12 0.006 49.12 0.508 0.039 0.012 1111 0.038 0.002
38 MLP SGD False 2 12 0.003 47.34 0.526 0.045 0.01 1.251 0.046 0.003
39 MLP SGD False 2 12 0.0016 47.37 0.526 0.053 0.009 1.407 0.052 0.004
40 MLP SGD False 2 12 0.001 46.32 0.523 0.062 0.008 1.54 0.06 0.005
41 MLP SGD False 2 8 0.003 44.0 0.549 0.06 0.011 1.332 0.044 0.003
42 MLP SGD False 2 8 0.006 449 0.544 0.056 0.011 1.213 0.037 0.002
43 MLP SGD False 2 8 0.01 44.74 0.478 0.056 0.013 1.151 0.032 0.001
44 MLP SGD False 2 8 0.001 44.4 0.449 0.074 0.017 1.586 0.057 0.005
45 MLP SGD False 2 8 0.0016 44.79 0.499 0.067 0.014 1.47 0.053 0.004

Table 8: Results from experimental group 4 with MLPs.
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No.  Amh Opim Mg Dem wuh IR gn som P pn e G0
1 ResNet SGD False 4 16 0.01 76.53 0.233 0.013 0.013 0.365 0.082 0.013
2 ResNet SGD False 4 16 0.006 74.71 0.252 0.015 0.015 0.447 0.085 0.016
3 ResNet SGD False 4 16 0.003 70.5 0.294 0.019 0.019 0.599 0.09 0.018
4 ResNet SGD False 4 16 0.0016 68.98 0.31 0.023 0.022 0.777 0.097 0.018
5 ResNet SGD False 4 16 0.001 65.84 0.341 0.028 0.018 0.939 0.1 0.018
6 ResNet SGD False 4 12 0.01 75.94 0.238 0.015 0.015 0.417 0.079 0.013
7 ResNet SGD False 4 12 0.006 73.62 0.262 0.017 0.017 0.505 0.085 0.015
8 ResNet SGD False 4 12 0.003 70.56 0.293 0.021 0.021 0.672 0.088 0.017
9 ResNet SGD False 4 12 0.0016 68.78 0.312 0.026 0.018 0.869 0.094 0.017
10 ResNet SGD False 4 12 0.001 66.43 0.335 0.031 0.015 1.033 0.095 0.018
11 ResNet SGD False 4 8 0.01 74.87 0.249 0.018 0.018 0.538 0.072 0.011
12 ResNet SGD False 4 8 0.006 72.33 0.275 0.02 0.019 0.641 0.082 0.013
13 ResNet SGD False 4 8 0.003 69.55 0.304 0.026 0.016 0.846 0.088 0.013
14 ResNet SGD False 4 8 0.0016 67.4 0.325 0.033 0.012 1.055 0.093 0.014
15 ResNet SGD False 4 8 0.001 65.91 0.341 0.04 0.011 121 0.095 0.015
16 ResNet SGD False 3 16 0.01 75.65 0.242 0.014 0.014 0.378 0.078 0.013
17 ResNet SGD False 3 16 0.006 74.74 0.251 0.016 0.016 0.456 0.082 0.014
18 ResNet SGD False 3 16 0.003 69.98 0.299 0.019 0.019 0.61 0.089 0.016
19 ResNet SGD False 3 16 0.0016 69.13 0.308 0.024 0.02 0.808 0.09 0.016
20 ResNet SGD False 3 16 0.001 67.46 0.325 0.029 0.017 0.969 0.095 0.016
21 ResNet SGD False 3 12 0.01 74.69 0.251 0.016 0.016 0.461 0.072 0.013
22 ResNet SGD False 3 12 0.006 74.06 0.258 0.018 0.018 0.555 0.079 0.014
23 ResNet SGD False 3 12 0.003 70.44 0.294 0.022 0.02 0.741 0.088 0.016
24 ResNet SGD False 3 12 0.0016 66.83 0.331 0.028 0.015 0.947 0.093 0.017
25 ResNet SGD False 3 12 0.001 65.19 0.348 0.034 0.014 1.105 0.094 0.018
26 ResNet SGD False 3 8 0.01 75.35 0.245 0.018 0.018 0.561 0.073 0.011
27 ResNet SGD False 3 8 0.006 72.54 0.273 0.021 0.017 0.68 0.08 0.013
28 ResNet SGD False 3 8 0.003 69.36 0.305 0.027 0.014 0.878 0.082 0.013
29 ResNet SGD False 3 8 0.0016 67.96 0.32 0.034 0.012 1.077 0.086 0.014
30 ResNet SGD False 3 8 0.001 66.16 0.338 0.042 0.011 1.224 0.092 0.015
31 ResNet SGD False 2 16 0.01 76.45 0.235 0.014 0.014 0.404 0.067 0.009
32 ResNet SGD False 2 16 0.006 74.29 0.256 0.016 0.016 0.494 0.073 0.01
33 ResNet SGD False 2 16 0.003 71.99 0.28 0.02 0.02 0.665 0.082 0.011
34 ResNet SGD False 2 16 0.0016 69.86 0.301 0.026 0.017 0.873 0.082 0.012
35 ResNet SGD False 2 16 0.001 68.44 0.315 0.032 0.014 1.037 0.088 0.012
36 ResNet SGD False 2 12 0.01 76.31 0.235 0.017 0.017 0.487 0.067 0.008
37 ResNet SGD False 2 12 0.006 74.65 0.253 0.019 0.019 0.596 0.07 0.008
38 ResNet SGD False 2 12 0.003 72.81 0.271 0.024 0.016 0.79 0.076 0.01
39 ResNet SGD False 2 12 0.0016 70.22 0.298 0.031 0.013 0.997 0.082 0.01
40 ResNet SGD False 2 12 0.001 69.27 0.307 0.038 0.011 1.15 0.083 0.011
41 ResNet SGD False 2 8 0.01 74.99 0.248 0.021 0.016 0.643 0.064 0.007
42 ResNet SGD False 2 8 0.006 73.18 0.267 0.024 0.014 0.763 0.073 0.008
43 ResNet SGD False 2 8 0.003 70.05 0.299 0.031 0.011 0.99 0.076 0.01
44 ResNet SGD False 2 8 0.0016 68.64 0.314 0.04 0.01 1.193 0.076 0.011
45 ResNet SGD False 2 8 0.001 67.76 0.322 0.049 0.009 1.332 0.082 0.012

Table 9: Results from experimental group 5 with ResNets.
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