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Fig. 8. Uniform stability error for DMAdam.
Proof. See Appendix B.3. □

In fact, the conditions in Theorem 3 are the same as those in
Theorem 1. Therefore, to satisfy these conditions, it is sufficient to
choose 𝜂𝑘 =

𝜂0
√

𝑘
and 𝛽𝑘 = 1 − 1

√

𝑘
, where 𝜂0 is a positive constant.

4.3. Uniform stability

Uniform stability provides a quantitative measure of the sensitivity
of an algorithm to small changes in the dataset. Consider two samples
𝑆 and 𝑆′ of size 𝑛 differing by one example, and let 𝒙 = 𝑃 (𝑆) denote
the output of a (potentially randomized) algorithm 𝑃 (e.g., DMAdam)
on data 𝑆 [33].

Definition 1 ([34]). Algorithm 𝑃 is 𝜖-uniformly stable if
𝜖𝑠𝑡𝑎𝑏 = sup

𝑆 ,𝑆′
sup
𝜉∈P

E𝑃
[

𝓁 (𝑃 (𝑆) ; 𝜉) − 𝓁
(

𝑃
(

𝑆′) ; 𝜉
)]

≤ 𝜖 , (17)

where 𝜖𝑠𝑡𝑎𝑏 denotes the upper bound on the expected difference in the
loss 𝓁 between outputs of 𝑃 on samples 𝑆 and 𝑆′ that differ by only
one example.

Fig. 8 illustrates the performance of VGG-13 trained on the CIFAR-
10 dataset, with the curves highlighting differences between datasets
with deleted samples and the complete dataset. Deleting a small num-
ber of samples (e.g., 1, 10, 20, or 30) from the training set has minimal
impact on the training loss, indicating that DMAdam is insensitive to
small data variations and can maintain stable model outputs. On the
test set, the loss difference initially oscillates but gradually diminishes
as training progresses, eventually approaching zero, indicating that the
algorithm exhibits uniform stability.

5. Experiment

This section evaluates the performance of DMAdam through a series
of numerical experiments. A comparative analysis is conducted with
several algorithms, including SGD [5], Adam [11], NAdam [12], AMS-
Grad [13], MSVAG [14], AdamW [15], RAdam [16], AdaBelief [17],
AdamP [18], Adan [19], and Lion [35]. Table 2 provides the hyperpa-
rameter settings employed in the DMAdam algorithm.

We obtain the hyperparameters in Table 2 from grid search re-
sults and optimize hyperparameters based on performance evaluations
across various models and datasets. The hyperparameter 𝜂𝑘 typically
does not have a determining effect on experimental results, and using
the default value is sufficient (see Fig. 17). However, fine-tuning 𝜂𝑘
may improve experimental performance. In contrast, 𝛼𝑘 is the most
important hyperparameter and is usually preferred for tuning. Refer to
Table 2 for 𝛼𝑘 adjustment suggestions. To simplify the hyperparameter
tuning process for researchers, 𝜂𝑘 can be viewed as similar to 𝛽1 in
Adam, while 𝛼𝑘 corresponds to the learning rate. The value of 𝛽𝑘 is
fixed at 0.999 and 𝜖 is set at 10−8.
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Table 2
Hyperparameter settings for the DMAdam.

Model Dataset 𝜂𝑘 𝛼𝑘 𝛽𝑘 𝜖 Weight decay

VGG-13 CIFAR-10 0.9 0.001 0.999 10−8 0.0005
CIFAR-100 2.1 0.001 0.999 10−8 0.0005

ResNet-34 CIFAR-10 1.4 0.001 0.999 10−8 0.0005
CIFAR-100 1.2 0.001 0.999 10−8 0.0005

LSTM-1
PTB

0.8 0.1 0.999 10−8 0.0000012
LSTM-2 1.9 0.1 0.999 10−8 0.0000012
LSTM-3 2.5 0.1 0.999 10−8 0.0000012

YOLOv5 (s) VOC (2007) 0.037 0.001 0.999 10−8 0.0005

MobileNet-V3-L Tiny ImageNet 1.5 0.005 0.999 10−8 0.0001

To ensure the fairness and accuracy of the comparison, we use the
parameters adopted for the comparison algorithms in their original
papers. When the comparison algorithms fail to perform well on our
task, we adjust their learning rates to optimize performance. Further
details can be consulted in Appendix C.

5.1. Image classification experiment results

• Performance on CIFAR-10 Dataset
CIFAR-10, a widely used dataset for image classification, consists

of 60,000 color images (32 × 32 pixels) distributed across 10 classes.
In this study, we evaluate the performance of DMAdam against other
optimization algorithms using VGG [36] and ResNet [37] models. As
shown in Figs. 9 and 10, DMAdam achieves fast convergence and high
accuracy during the training and testing of VGG-13 and ResNet-34.
DMAdam outperforms traditional algorithms such as SGD and Adam,
as well as recent improvements like RAdam, AdamP, and AdaBelief.
After learning rate decay, DMAdam effectively mitigates oscillations
and demonstrates high accuracy and stability in deep neural networks.

• Performance on CIFAR-100 Dataset
CIFAR-100 is an extension of CIFAR-10, consisting of 100 classes

and providing a more challenging benchmark for optimization algo-
rithms. As shown in Figs. 11 and 12, DMAdam performs similarly on
the CIFAR-100 dataset as it does on CIFAR-10 when applied to VGG-13
and ResNet-34 models. DMAdam achieves higher accuracy compared to
traditional algorithms like SGD and Adam, as well as improved methods
such as AdamW, RAdam, and AdamP. Additionally, after 150 epochs of
learning rate decay, DMAdam effectively maintains stability.

• Performance on Tiny ImageNet
Tiny ImageNet, a derivative of the ImageNet dataset, is widely

used for training and evaluating deep learning models. It contains 200
categories, each comprising 500 training images, 50 validation images,
and 50 unannotated test images at a resolution of 64 × 64 pixels.
Since the test set lacks annotations, the validation set is commonly
employed for evaluation. Despite its smaller scale, Tiny ImageNet
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Fig. 9. VGG-13 performance on CIFAR-10.
Fig. 10. ResNet-34 performance on CIFAR-10.
Fig. 11. VGG-13 performance on CIFAR-100.
retains the complexity of multi-class classification tasks, making it a
popular benchmark for assessing algorithm performance. Its structured
format and category diversity further enhance its utility in model
evaluation.
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As shown in Fig. 13, the MobileNet-V3-Large model is trained on
the Tiny ImageNet dataset. DMAdam begins with slower performance
compared to Adam and AdamW in the early training stages but steadily
improves, maintaining a stable trajectory and mitigating the risk of
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Fig. 12. ResNet-34 performance on CIFAR-100.
Fig. 13. MobileNet-V3-L performance on Tiny ImageNet.
early overfitting. On the validation set, DMAdam exhibits oscillations
similar to SGD. Following the learning rate decay at the 75th epoch, its
smooth validation curve highlights its robustness, establishing it as a
reliable algorithm for training complex models on challenging datasets
such as Tiny ImageNet.

5.2. Natural language processing experiment results

Natural language processing (NLP) tasks involving the analysis and
generation of human language present challenges in modeling complex
sequential data. To evaluate the effectiveness of various optimization
algorithms, we train the LSTM model on the Penn Treebank (PTB)
dataset, a widely recognized benchmark in NLP research. For addi-
tional experiments using Transformer-based models, please refer to
Appendix C.

Fig. 14 presents the results of experiments conducted using LSTM
models with varying numbers of layers. Compared to other optimiza-
tion algorithms, DMAdam exhibits a more significant perplexity decline
and achieves lower final perplexity for LSTM-1, LSTM-2, and LSTM-3.
DMAdam exhibits an oscillatory descent in the early stages, with per-
plexity further decreasing after two learning rate decays. These results
indicate that DMAdam is well-suited for natural language processing
tasks, effectively managing the complexities associated with deeper
models.
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5.3. Object detection experiment results

Object detection aims to identify and locate objects within an image
by providing class labels and bounding boxes. For this study, we utilize
the VOC (2007) dataset, a widely recognized benchmark featuring 20
object categories and detailed annotations. To evaluate performance,
we employ YOLOv5,2 a state-of-the-art real-time object detection model
known for its speed and accuracy.

Fig. 15 shows the confusion matrix comparing the prediction results
of Adam and DMAdam in the object detection task. Diagonal values
represent the probability of correct classification for each category,
while off-diagonal values indicate the likelihood of misclassification
between categories. As shown in Table 3, DMAdam achieves higher
mean average precision (mAP), demonstrating improved performance
in object detection tasks. Additionally, Fig. 16 illustrates the classi-
fication accuracy at an Intersection Over Union (IoU) threshold of
0.5.

5.4. Sensitivity analysis of 𝜂𝑘

We evaluate the performance of Algorithm 1 under different 𝜂𝑘
values on the CIFAR-100 and PTB datasets. To ensure fairness, the

2 https://github.com/ultralytics/yolov5.git

https://github.com/ultralytics/yolov5.git
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Fig. 14. Perplexity results for LSTM on the Penn Treebank dataset.
Fig. 15. YOLOv5 (s) confusion matrix results on the VOC dataset.
Fig. 16. Scores by category (mAP@0.5) using YOLOv5 (s) based on VOC.
10 



W. Jiang et al. Knowledge-Based Systems 309 (2025) 112886 
Fig. 17. DMAdam performance under different 𝜂𝑘 values.
Table 3
YOLOv5 (s) mAP on VOC (higher scores are better).

Optimizer SGD Adam NAdam AMSGrad MSVAG AdamW
mAP 0.518 0.478 0.467 0.471 0.501 0.484

Optimizer RAdam AdaBelief Lion AdamP Adan DMAdam
mAP 0.511 0.506 0.211 0.456 0.518 0.566

experiments are conducted with the same hyperparameter settings (𝛼𝑘,
𝛽𝑘, 𝜖) over 200 epochs, and the results are illustrated in Fig. 17. We
observe that the impact of different 𝜂𝑘 values on Algorithm 1 is slight.
This indicates that using the default 𝜂𝑘 is practical for most cases, but
fine-tuning may lead to better results.

6. Conclusion

We have presented a novel algorithm that integrates the dual av-
eraging strategy with the Adam method. We have performed a conver-
gence analysis of DMAdam in two cases. In the ergodic case, we achieve
the 

(

ln𝐾∕
√

𝐾
)

convergence rate in the expectation sense. In the
non-ergodic case, we prove the convergence of the gradient sequence
for the last iteration. Furthermore, numerical experiments indicate that
DMAdam outperforms other optimization algorithms for various well-
known deep neural network models, including VGG, ResNet, LSTM, and
Yolov5. Future work could focus on exploring adaptive hyperparam-
eter tuning strategies and investigating their theoretical properties in
different optimization settings.
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Appendix A. Technical lemmas

Lemma 1. Let
(

𝑎𝑘
)

𝑘≥1 and
(

𝑏𝑘
)

𝑘≥1 be non-increasing and non-negative
sequences of real values, respectively. Then for any 0 ≤ 𝛽 < 1, we have
𝐾
∑

𝑘=1
𝑎𝑘

𝑘
∑

𝑗=1
𝛽𝑘−𝑗𝑏𝑗−1 ≤

𝐾
∑

𝑘=1

𝑘
∑

𝑗=1
𝛽𝑘−𝑗𝑎𝑗𝑏𝑗−1, (18)

𝐾
∑

𝑘=1
𝑎𝑘

𝑘
∑

𝑗=1
𝛽𝑘−𝑗𝑏𝑗 ≤

𝐾
∑

𝑘=1

𝑘
∑

𝑗=1
𝑎𝑗𝛽

𝑘−𝑗𝑏𝑗 . (19)

Proof. (1) For the inequality in Eq. (18),
𝐾
∑

𝑘=1
𝑎𝑘

𝑘
∑

𝑗=1
𝛽𝑘−𝑗𝑏𝑗−1 =

𝐾
∑

𝑘=1

(

𝑎𝑘
𝑘
∑

𝑗=1
𝛽𝑘−𝑗𝑏𝑗−1

)

= 𝑎1𝛽
0𝑏0 + 𝑎2

(

𝛽1𝑏0 + 𝛽0𝑏1
)

+⋯ + 𝑎𝐾
(

𝛽𝐾−1𝑏0 + 𝛽𝐾−2𝑏1 +⋯ + 𝛽0𝑏𝐾−1
)

=
(

𝑎1𝛽
0 + 𝑎2𝛽1 +⋯ + 𝑎𝐾𝛽𝐾−1) 𝑏0 +

(

𝑎2𝛽
0 +⋯ + 𝑎𝐾𝛽𝐾−2) 𝑏1 +⋯

+ 𝑎𝐾𝛽0𝑏𝐾−1

(𝑎)
≤

(

𝑎1𝛽
0 + 𝑎1𝛽1 +⋯ + 𝑎1𝛽𝐾−1) 𝑏0 +

(

𝑎2𝛽
0 +⋯ + 𝑎2𝛽𝐾−2) 𝑏1 +⋯

+ 𝑎𝐾𝛽0𝑏𝐾−1

= 𝛽0𝑎 𝑏 +
(

𝛽1𝑎 𝑏 + 𝛽0𝑎 𝑏
)

+⋯
1 0 1 0 2 1
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