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Abstract

Accelerating model convergence in resource-constrained environments is essential
for fast and efficient neural network training. This work presents learn2mix, a new
training strategy that adaptively adjusts class proportions within batches, focusing
on classes with higher error rates. Unlike classical training methods that use static
class proportions, learn2mix continually adapts class proportions during training,
leading to faster convergence. Empirical evaluations on benchmark datasets show
that neural networks trained with learn2mix converge faster than those trained with
existing approaches, achieving improved results for classification, regression, and
reconstruction tasks under limited training resources and with imbalanced classes.
Our empirical findings are supported by theoretical analysis.

1 Introduction

Deep neural networks have become essential tools across various applications of machine learning,
including computer vision [Krizhevsky et al., 2012} [Simonyan and Zisserman, [2014, He et al.| [2016],
natural language processing [[Vaswani et al., 2017, [Devlin et al.| 2018}, Radford et al.l 2019, [Touvron
et al.| 2023, and speech recognition [Hinton et al.| 2012| Baevski et al.| 2020]]. Despite their ability
to learn and model complex, nonlinear relationships, deep neural networks often require substantial
computational resources during training. In resource-constrained environments, this demand poses a
significant challenge [Goyal et al., 2017, making the development of efficient and scalable training
methodologies increasingly crucial to fully leverage the capabilities of these models.

Training deep neural networks relies on the notion of empirical risk minimization [Vapnik and Bottou,
1993]], and typically involves optimizing a loss function using gradient-based algorithms [Rumelhart
et al., 1986, Bottou, 2010, Kingma and Ba, 2014]. Techniques such as regularization [Srivastava
et al., 2014}, loffe and Szegedyl, [2015]] and data augmentation [Shorten and Khoshgoftaar, [2019],
learning rate scheduling, [Smith, [2017]] and early stopping [Prechelt, |1998]], are commonly employed
to enhance generalization and prevent overfitting. However, the efficiency of the training process itself
remains a critical concern, particularly in terms of convergence speed and computational resources.

Within this context, adaptive training strategies, which target enhanced generalization by modifying
aspects of the training process, have emerged as promising approaches. Methods such as curriculum
learning [Bengio et al.| 2009, |Graves et al., 2017, [Wang et al.l 2021]] adjust the order and difficulty of
training samples to facilitate more effective learning. Insights from these adaptive training strategies
can be extended to the class imbalance problem [Wang et al.| 2019], where underrepresented classes
are intrinsically harder to learn due to data scarcity [Buda et al.,|2018]], a challenge intensified in
adversarial settings where safe data collection is severely limited [Wang and Gursoyl 2023|]. These
methods are typically categorized into data-level methods, such as oversampling and undersampling
[Chawla et al.,|2002]] and algorithm-level schemes, including class-balanced loss functions [Lin et al.|
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Figure 1: Illustration of the learn2mix training mechanism. The class-wise composition of batches is
adaptively modified during training using instantaneous class-wise error rates.

2017]. However, developing adaptive neural network training methodologies that accelerate model
convergence, while ensuring robustness to class imbalance, remains an open problem.

Building upon these insights, a critical aspect of training efficiency lies in the composition of batches
used during stochastic gradient descent. Classical training paradigms maintain approximately fixed
class proportions within each shuffled batch, mirroring the overall class distribution in the training
dataset [Buda et al., 2018 |[Peng et al.,|2019]. However, this static approach fails to account for the
varying levels of difficulty associated with different classes, which can hinder optimal convergence
rates. For example, classes with higher error rates or those that are inherently more challenging may
require greater emphasis during training to enhance model performance. While existing approaches
address class imbalance by adjusting sample weights or dataset resampling, they do not dynamically
change the class-wise composition of batches during training via real-time performance metrics.

This observation motivates the central question of this paper: Can we adaptively adjust the proportion
of classes within batches, across training epochs, to accelerate model convergence? Addressing this
question involves developing approaches that dynamically modify class proportions using real-time
performance metrics, directing learning towards underperforming classes. Such batch construction
has the potential to enhance convergence rates and training efficiency, especially in scenarios with
imbalanced classes or heterogeneous class difficulties [Liu et al., 2008|, Ren et al., 2018]].

To address these considerations, in this work, we introduce learn2mix, a novel training strategy that
dynamically modifies class proportions in batches by emphasizing classes with higher instantaneous
error rates. In contrast with classical training schemes that utilize fixed class proportions, learn2mix
continually adapts these proportions during training via real-time class-wise error rates. This dynamic
adjustment facilitates faster convergence and improved performance across various tasks, including
classification, regression, and reconstruction. An illustration of the learn2mix training methodology
is provided in Figure[I] demonstrating the adaptive class-wise composition of batches.

This paper is organized as follows. In Section2] we formalize learn2mix, and prove relevant properties.
In Section [3] we detail the algorithmic implementation of the learn2mix training methodology. In
Section[d] we present empirical evaluations on benchmark datasets, demonstrating the efficacy of
learn2mix in accelerating model convergence and enhancing performance. Finally, in Section 5] we
summarize our paper. Our main contributions are outlined as follows:

1. We propose learn2mix, a novel adaptive training strategy that dynamically adjusts class
proportions within batches, utilizing class-wise error rates, to accelerate model convergence.

2. We prove that neural networks trained using learn2mix converge faster than those trained
using classical approaches when certain properties hold, such that the class proportions
converge to a stable distribution proportional to the optimal class-wise error rates.

3. We empirically validate that neural networks trained using learn2mix consistently observe
accelerated convergence, outperforming existing training methods in terms of convergence
speed across classification, regression, and reconstruction tasks.

Related Work. The landscape of neural network training methods comprises various approaches
aiming to enhance model performance and training efficiency. Handling class imbalance has been
extensively studied, with methods such as importance sampling [Katharopoulos and Fleuret, 2018]],
oversampling [[Chawla et al., 2002|], undersampling [Tahir et al.| [2012], and class-balanced loss



functions [Lin et al.| 2017, |[Ren et al., 2018] being proposed to mitigate biases towards majority
classes. In parallel, curriculum learning [Bengio et al.,2009|] and reinforcement learning approaches
[Florensa et al., |2017]] have introduced methods to facilitate more effective learning trajectories.
Meta-learning, or learn2learn methodologies [Arnold et al.,|2020], including model-agnostic meta-
learning (MAML) [Finn et al., [2017]], focus on optimizing the learning process itself to enable
rapid adaptation to new tasks. Additionally, adaptive data sampling strategies [Liu et al., 2008 and
boosting algorithms [Freund and Schapire,, |1997|] emphasize the significance of prioritizing harder or
misclassified examples to improve model robustness. Despite these advances, most existing training
methods either adjust sample weights, resample datasets, or modify the sequence of training examples
without specifically altering the class proportions within batches in an adaptive manner. Our proposed
learn2mix strategy distinguishes itself by adapting batch class proportions throughout the training
process, targeting classes with higher error rates to accelerate convergence. This approach offers a
unified framework by addressing class imbalance through adaptive training principles.

2 Theoretical Results

Consider the random variables X 2 R9 and Y 2 RX, where X denotes the feature vector, Y are the

classes. We deﬁp@ =l q1;::5; k]T as a variable denoting the vector of mixing parameters, where
i 2[0;1] and Ii(=1 i = 1. The value of determines the class proportions used during training,

and can vary depending on the chosen training mechanism. In classical training, = ‘is constant

over time and reflects the class proportions within the original training dataset, wherein = ~,

8t 2 N. In learn2mix training, = U‘is time-varying, and is initialized at time t = 0 as 0=~

Let H fh:RY ¥ RKgbe the class of hypothesis functions that model the relationship between X
and Y . For our empirical setting, we let H denote the set of neural networks that have predetermined
architectures. We note H is fully defined by a vector of parameters, 2 R™, where H = h denotes
a set of parameterized functions. The generalized form of the loss function for classical training and
the loss function form under learn2mix training are given below.

Definition 2.1 (Loss Function for Classical Training). Consider ~ 2 [0; 1]¥ as the vector of fixed-
proportion mixing parameters, and let L( t) 2 RX denote the vector of class-wise losses at time t.
The loss for classical training at time t is given by:

x
L(5~) = =ik H=-~TL(Y: M
i=1
Definition 2.2 (Loss Function for Learn2Mix Training). Consider %, t 1 2[0;1]* as the vector
of mixing parameters at time t and time t 1, and let L( ¥);L( t 1) 2 RX denote the respective
class-wise loss vectors at time t and time t 1. Consider 2 (0;1) as the mixing rate. The loss for
learn2mix training at time t is given by the following:

X
L(YS H= Li(H=9"y; ()
i=1
_ L(th .
Where: t= ' 1+ m thy 3)

‘We note that the denominator, 1I L(®t 1), is the sum of losses across all classes, and dividing by it
converts L( t 1) into a probability distribution. We update t * by nudging the mixing parameters
toward this probability distribution, so classes with higher losses receive a larger share of samples in
the next time step. The scalar mixing rate, , is a user-defined step size hyperparameter that controls
how aggressively ' ! moves. We note that classical training is recovered by setting = 0.

Suppose that H is sufficiently expressive and can represent the true conditional expectation function,
wherein there exists 2 R™ with h  (X) = E[Y ] X] almost surely. In the following proposition,
we demonstrate that via gradient-based optimization under learn2mix training, the parameters con-
verge to , with the mixing proportions converging to a stable distribution that reflects the relative
difficulty of each class under the optimal parameters.



Proposition 2.3. LetL( !);L( ) 2 RX denote the respective class-wise loss vectors for the model
parameters at timeé and for the optimal model parameters. Suppose each class-wiskilp3s2 R

is strongly convex in, with strong convexity parametey 2 R>o, 8i 2 f 1;:::;kg, and each class-
wise loss gradient L () 2 R™ is Lipschitz continuous in, having L|psch|tz constart; 2 R o,

8i 2f1;:::,kg. Let  =miny 1. g i, L = MaXiyf 1.k g Li. Then, if the model parameters
attimet + 1 are obtained via the gradient of the loss for learn2mix training, where:
=t Ly Yy, with: 2 Rso; (4)
It follows that for learning rate, 2 (0;2=L ), and for mixing rate, 2 (0;1):
. . L
lim t'= ; and: lim '= = T(i): (5)
til til 1kL( )

The complete proof of Propositipn 2.3 is provided in Sedfipn A of the Appendix. We now detail the
convergence behavior of the learn2mix and classical training strategies, and suppoéeltlciat~

We rst present Corollary 214, which will be used to prove the convergence result in Propgsiiion 2.5.
This corollary leverages Lipschitz continuity and strong convexity to bound the loss gradient norm.

Corollary 2.4. LetL( ) 2 R* denote the class-wise loss vector at tim&uppose each class-wise
loss,Li( ) 2 R, is strongly convex in, with strong convexity parameter 2 R> o, 8i 2 1;:::;Kg,
and suppose each class-wise loss gradlent.( ) 2 R™ is Lipschitz continuous in with Llpsch|tz
constanlj 2 R (,8i 2f1;:::;kg. Let =minjs 1.... k i,L =maxiy 1.k g Li. Then, the

following condition and mequahty hol® 2 [0;1]F where !‘:l i =1:
?kt k ke L(% )k Lkt k; (6)
Whereinckr L( Y Dk+kr L( %~k 2L k' k: (7

The proof of Corollary 2}4 is provided in Sectiph A of the Appendix — we note that the inequality

in Eq. (7) relates the loss gradient norm under classical training with that under learn2mix training.
We now present Propositipn 2.5, which demonstrates that under the condition expressef]in Eq. (8),
updates obtained via the gradient of the loss for learn2mix training bring the model parameters closer
to the optimal solution than those obtained via the gradient of the loss for classical training.

Proposition 2.5. LetL ( ');L( ) 2 R* denote the respective class-wise loss vectors for the model
parameters at timé and for the optimal model parameters. Suppose each class-wisé |§s¥,2 R

is strongly convex in with strong convexity parametet 2 R, o, 8i 2 f 1;:::;kg, and each class-
wise loss gradient L;j( ) 2 R™ is Lipschitz continuous in, having L|psch|tz constamt; 2 R o,

8i 2f 1;:::;kg. Moreover, suppose the loss gradlentL( ) 2 R™ is Lipschitz continuous in,
having Llpschltz constait 2 R g,andlet =miny 1. g i, L = MaXijof 1k g Li- Then

if and only if the following condition holds:

h ih i
- L k®  K+=TL(H L) k' k (L(HLCY >0 (8
It follows that for every learning rate,> 0, and for every mixing rate, 2 (0; I:
oy Y tor LY : 9)

The complete formula for can be found in Sectigr] A of the Appendix.

The complete proof of Propositi¢n 2.5 is provided in Sedtipn A of the Appendix.

3 Algorithm

In this section, we outline our approach for training neural networks using learn2mix. The learn2mix
mechanism comprises a bilevel optimization procedure, where we rst update the neural network
parameters , before updating the mixing parameters$, using the vector of class-wise losses,
L(Y. Con5|der|ng the original training da@sﬁet deneJi = f(x;;yj)g Li“ ,8i2f1;:::;kgas

each class-speci ¢ training dataset, witte  [_; Ji. Thesek class- speC| ¢ training datasets are
leveraged to speed up batch formation under learn2mix. We consider neural network training using
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Algorithm 1: Neural Network Training Via Learn2Mix
Input: J (Original Training Dataset), (Initial NN Parameters);- (Initial Mixing Parameters),
(Learning Rate), (Mixing Rate),M (Batch Size)P (No. of Batches)E (Epochs)
Output:  (Trained NN Parameters)
fori =1;2;:::kdo
Ji t(X:y)g ;5\' (Initialize class-speci ¢ training datasets)
L ~ (Initialize time-varying mixing parameters)
for epoch=1;2;:::;E do
fori=1;2;:::;kdo
| Ji  Shuffle (Ji) (Randomly shuf e each class-speci c training dataset)

forp=1;2;:::;P do

fori=1;2;:::;kdo

| Sip Sample(J.; iM) (Select M distinct examples fron;)
SP iz 1 Sp P(Aggregate to form batcBP)
LPC; ) & o y2se (N (X)1y) (Compute loss on batc®’)

L(; ) & 5:1 LP(; ) (Obtain total loss)

r L(; ) (Update model parameters,
fori=1;2:::kdo p
t Li() & ,F;zl 4 xnzse (h (%)) (Compute loss for clasy

Update_Mixing_Paramq; L( ); )

return

batched stochastic gradient descent, where for training epaitte empirical loss is computed over

P = N=M total batches, wher®l 2 Z* is the batch size. Each batch is formed by sadmpllm

distincf examples from thith class-speci ¢ training dataset, denotedS#s  J;, for SP , SP,

where is the set union operator that preserves duplicate elements. For learn2mix training, the
class-wise errorg,;( !);8i 2 f 1;:::;Kkg, at training epoch are empirically computed as:

1
‘M

X
L(Y= 5

p=1

“(h(xg)iyp) s (10)
(xjyi)2sP
Where” : Y Y ! R gisabounded per-sample loss function and computes the error between the

model predictionh : (x; ), and the true labelj; . Accordingly, the overall empirical loss at training
epocht, under the learn2mix training mechanism is given by:

X X g
Lt y=" ey s

i=1 i=1 p=1

“(he(xp)yg) (11)

(xj3yj)2 Sip

Utilizing the empirical loss formulation from Eg. (11), we now detail the algorithmic implementation
of the learn2mix training methodology on a per-sample basis, for consistency with the mathematical
preliminaries in Section 2. We note that the batch processing equivalent of this procedure is a trivial
extension to the domain of matrices, and was used to generate the empirical results from Section 4.
Algorithm 1 outlines the primary training loop, where for each epoch, the class-speci ¢ dathsets,
are shuf ed. Within each epoch, we iterate over Ehéotal batches, forming each batch by choosing

iM examples from every;. The empirical loss within each batch is computed and aggregated to
obtain the overall losg, (; ), which is then used to update the neural network parameters through
gradient descent. Lastly, the vector of class-wise lodsgg, is calculated to inform the adjustment
of the mixing parameters,, using Algorithm 2.

Algorithm 2 outlines the method for adjusting class proportions using the mixing parametbesed

on the computed class-wise losses. For each dlasgl;:::; kg, we rst calculate the normalized
lossL; by dividing the class-speci c loss; () by the total cumula'uve loss summed over all classes.
Each mixing parameter,;, is then updated incrementally towards this normalized loss \glue
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Algorithm 2: Updating Mixing Parameters Via Learn2Mix

Input:  (Previous Mixing Parameterd)( ) (Class-wise loss vector), (Mixing Rate)
Output:  (Updated Mixing Parameters)

fori =1;2;:::;kdo

L L, e+l (Compute normalized losses)

k:1 Li( )
i ij (L; i) (Update mixing parameters)

return

The magnitude of the update step is controlled by the mixing ratgetermining how quickly the
proportions adapt. Thus, classes exhibiting higher relative losses are progressively given greater
emphasis in subsequent training epochs, ensuring a balanced reduction of errors across all classes.

iM examples from each to form the subse®”  J;. Given the dynamic nature of the mixing
parameters, , it is possible that this cumulative selection across batches may exhaust all the samples
within a particulard; before the epoch concludes. To address this, we incorporate a cyclic selection

P= P1ly "M mod~N; (12)

Where iO =0,8i 2f1;:::;kg. Accordingly, when selectin@ip, if i" Ly iM > ~ N, wewrap
around to the beginning df, effectively resetting the selection indeX, — this ensures that every
example inJ; is selected uniformly and repeatedly as needed throughout the training process. Thus,
the selection procedure to constr&tis de ned as: _

1 w1 h '
This cyclic selection procedure ensures that the required number of samplesfor each class in
every batch is maintained, even asis adaptively updated across epochs.

4 Empirical Results

In this section, we present our empirical results on classi cation, regression, and image reconstruction
tasks, across both benchmark and modi ed class imbalanced datasets. We rst present the classi ca-
tion results on three benchmark datasets (MNIST [Deng, 2012], Fashion-MNIST [Xiao et al., 2017],
CIFAR-10 [Krizhevsky et al., 2009]), and three standard datasets with manually imbalanced classes
(Imagenette [Howard, 2020], CIFAR-100 [Krizhevsky et al., 2009], and IMDB [Maas et al., 2011]).
We note that for the imbalanced case, we only introduce the manual class-imbalancing to the training
dataset), where the test datasét, = f (X; ; y; )gj'\':‘is‘, is not changed. This choice ensures that the
generalization performance of the network is benchmarked in a class-balanced setting. Next, for the
regression task, we study two benchmark datasets with manually imbalanced classes (Wine Quality
[Cortez et al., 2009], and California Housing [Géron, 2022]), and a synthetic mean estimation task,
where the manual class-imbalancing parallels that of the classi cation case. Finally, we reconsider
the MNIST, Fashion MNIST and CIFAR-10 datasets for image reconstruction, again with manual
class-imbalancing. The comprehensive description of these datasets and class-imbalancing strategies
is in Section C of the Appendix. For further performance veri cation, we include ablation studies on
architecture, optimizer, batch size, learning rate, and worst-class error in Section B of the Appendix.

The intuition behind the application of learn2mix to regression and reconstruction tasks stems from its
ability to adaptively handle different data distributions. For regression tasks with a categorical variable
takingk distinct values, the samples frainthat correspond to each of thevalues, can be aggregated

to obtain each class-speci ¢ training dataskt, Here, eacld; denotes a distinct underlying data
distribution. As in the classi cation case, learn2mix will adaptively adjust the class-speci ¢ dataset
proportions during training. For image reconstruction, we can similarly tredt tligtinct classes

being reconstructed as the values taken by a categorical variable, paralleling the regression context.
This formulation supports the adaptive adjustment of class proportions under learn2mix training.



Table 1: Test accuracies for learn2mix (L2M), classical (CL), FCL, SMOTE, IS, CURR training.

Elapsed Time:t =0 :25E s

Dataset MNIST Fsh. MNIST | CIFAR-10 | Imagenette | CIFAR-100 IMDB

Acc (L2M) 95:42 o:28 77:62 o0:69 51:34 0:13 | 24:12 o:46 30:03 1:30 | 70:28 1:66
Acc (CL) 93:14 o0:47 74:13 073 49:26 o0:15 | 1555 0:13 23:23 1:99 | 50:13 o0:15
Acc (FCL) 91:32 o:57 74:08 o:75 47:90 o0:22 | 20:11 o:37 27:15 1:13 | 50:30 o:67
Acc (SMOTE) | 92141 o7 73:67 o061 47:76 o0:15 | 23:19 o:46 23193 2:35 | 50:94 o:05
Acc (IS) 92:44 o:63 74:23 o0:29 47:40 o510 | 2310 o0:39 2797 o067 | 58148 o:64

Acc (CURR) 93:30 o0:54 75.06 o:63 4911 o0:25 | 18:82 o:37 27:15 o:10 | 50:02 o:04
Elapsed Time:t =0 :5E s

Dataset MNIST Fsh. MNIST | CIFAR-10 | Imagenette | CIFAR-100 IMDB

Acc (L2M) 97:61 o0:15 83:16 o:87 55:84 0:19 | 33:64 0:42 46:80 o:54 | 76:02 2:77
Acc (CL) 96:74 o:10 79:75 o:83 54:50 o0:34 | 23:63 o:33 43:00 o:73 | 74:99 o:57
Acc (FCL) 95:92 o0:13 7894 o:82 54:15 o0:06 | 29:44 0:43 40:26 o0:55 | 68:30 3:21
Acc (SMOTE) | 96:51 o:16 79:17 o:50 53:72 0:16 | 2890 o0:43 3910 1:63 | 6272 o0:54
Acc (IS) 96:60 o:25 79:65 o:38 52:56 0:39 | 2852 0:32 42:61 2:61 | 74:00 o:81

Acc (CURR) 96:53 o:16 79:08 o:58 53:49 o0:33 | 27:26 0:79 39:48 2:22 | 71:68 o055
Elapsed Time:t = E s

Dataset MNIST Fsh. MNIST | CIFAR-10 | Imagenette | CIFAR-100 IMDB

Acc (L2M) 98:46 o:14 85:85 0:47 60:49 o0:26 | 42:95 o0:33 54:50 o0:73 | 82:38 o0:59
Acc (CL) 98:14 o0:14 84:23 o:60 59:62 o0:16 | 34:53 o:33 52:30 0:36 | 80:84 o071
Acc (FCL) 97:86 o:08 83:68 o:61 59:37 o064 | 40:60 o0:71 49:33 o0:97 | 79:09 2:58
Acc (SMOTE) | 98:09 o:07 83:57 1:06 5846 0:15 | 39:59 o0:29 50:63 1:02 | 74:64 1:28
Acc (IS) 98:14 o:14 84:33 0:29 57:44 o0:42 | 3533 0:43 52:83 0:3¢ | 79:08 o:57

Acc (CURR) 98:13 o:05 83:32 0:43 59:15 0:42 | 3526 o0:48 50:88 o0:79 | 80:04 o:25

(a) MNIST (b) Fashion MNIST (c) CIFAR-10

(d) Imagenette (e) CIFAR-100 (H) IMDB

Figure 2: Comparing model classi cation errors for learn2mix, classical, FCL, SMOTE, IS, and
CURR training. The x-axis is the elapsed [training] time, while the y-axis is the classi cation error.

For the evaluations that follow, all training was performed on an NVIDIA GEForce RTX 3090 GPU.
To ensure a fair comparison between learn2mix and classical training, we utilize the same learning
rate, , and neural network architecture with initialized parameteracross all experiments for a
given dataset. Additionally, we train each neural network through learn2mix (with mixing yate

and classical training fdE seconds (oE epochs), wher& is dataset dependehtin classi cation

tasks, we also benchmark learn2mix and classical training versus "FCL training', 'SMOTE training’,
°IS training', and "CURR training' (training using focal loss [Lin et al., 2017], SMOTE oversampling
[Chawla et al., 2002], importance sampling [Katharopoulos and Fleuret, 2018], and curriculum
learning [Hacohen and Weinshall, 2019] — see Sections D.3, D.4, D.5, and D.6 of the Appendix).
The complete list of model architectures and hyperparameters is in Section D of the Appendix.

Practically, we observe that choosin@ [0:01; 0:1]improves performance (see Section B of the Appendix).



4.1 Classi cation Tasks

As illustrated in Table 1 and Figure 2, we observe a consistent trend across all considered classi cation
benchmarks, whereby neural networks trained using learn2mix converge faster than their classically-
trained, FCL-trained, SMOTE-trained, IS-trained, and CURR-trained counterparts. We rst consider
MNIST, and train LeNet-5 [Lecun et al., 1998] via the Adam optimizer [Kingma and Ba, 2014] and
Cross Entropy Loss fdE = 50 s, leveraging learn2mix, classical, FCL, SMOTE, IS, and CURR
training. We see that the learn2mix-trained CNN converges faster, eclipsing a test accl@@#y of
within 30 s, whereas the remaining CNNs achieve this test accuracyd@ser\We next consider the

more challenging Fashion MNIST dataset, and train Large LeNet-& fer50 s with the Adam
optimizer and Cross Entropy Loss, leveraging learn2mix, classical, FCL, SMOTE, IS, and CURR
training. Paralleling MNIST, we observe that the learn2mix-trained CNN converges faster, yielding a
test accuracy 083%within 20's, whereas the other CNNs achieve this test accuracy3dterThe

last class-balanced benchmark dataset we investigate is CIFAR-10, which offers a greater challenge
than MNIST and Fashion MNIST. We train Large LeNet o= 200 s using the Adam optimizer

and Cross Entropy Loss, utilizing learn2mix, classical, FCL, SMOTE, IS, and CURR training. We
observe that the learn2mix-trained CNN achieves faster convergence, yielding a test acc68¢y of
after170s, whereas the remaining CNNs exceed this test accuracy2@fer Cumulatively, these
evaluations demonstrate the ef cacy of learn2mix training in settings with balanced classes, wherein
the adaptive adjustment of class proportions accelerates convergence.

We now consider several class-imbalanced training datasets. We rst benchmark Imagenette, which
comprises a subset of 10 classes from ImageNet [Deng et al., 2009], and modify the training dataset so

[He et al., 2016] with the Adam optimizer and Cross Entropy Los&faer 230 s, using learn2mix,
classical, FCL, SMOTE, IS, and CURR training. We see the learn2mix-trained ResNet-18 converges
faster, achieving a test accuracyd@f%after185s, whereas only the FCL-trained model achieves this
test accuracy afte230s. We now consider CIFAR-100, and modify the training dataset so the number

Small [Howard et al., 2019] foE = 200 s leveraging the Adam optimizer and Cross Entropy Loss,
using learn2mix, classical, FCL, SMOTE, IS, and CURR training. We see that the learn2mix-trained
MobileNet-V3 Small model converges faster, achieving a test accuraaéfvithin 120s, whereas

the other models exceed this test accuracy d#é€rs. As thek = 100 mixing parameters are a small
fraction of the total model parameters, this overhead is negligible. For IMDB, we modify the training
dataset so the positive class ke&p8sof its original samples. We train a transformer or= 150 s

with the Adam optimizer and Cross Entropy Loss, using learn2mix, classical, FCL, SMOTE, IS, and
CURR training. We see the learn2mix-trained transformer converges faster, reaching a test accuracy
of 70%within 35 s, whereas the other models exceed this test accuracy6after

In the above evaluations, we see learn2mix not only accelerates convergence, but also has a tighter
alignment between training and test errors versus classical training. This correspondence indicates
reduced over tting, as learn2mix inherently adjusts class proportions based on class-speci c error
ratesL . By biasing the optimization procedure away from the original class distribution and towards
L, learn2mix achieves improved generalization. We note this property is not unique to classi cation
and also applies to regression and reconstruction (see Sections 4.2 and 4.3).

4.2 Regression Tasks

As illustrated in Table 2 and Figure 3, we observe that learn2mix maintains accelerated convergence
in the regression context, wherein all the considered datasets are class imbalanced. We rst consider
the synthetic Mean Estimation dataset, which comprises sets of samples gatherkd=frtbmnique
distributions and their associated means. Using the Adam optimizer and Mean Squared Error (MSE)
Loss, we train a fully connected network flar= 500 epochs on Mean Estimation via learn2mix and
classical training. We see that the learn2mix-trained neural network converges rapidly, achieving a
test error below2:0 after 100 epochs, at which point the classically-trained network has a test error
of 13:0. For the Wine Quality dataset, we modify the training dataset so the white wine class has
10%of its original samples. Using the Adam optimizer and MSE Loss, we train a fully connected
network forE = 300 epochs on Wine Quality via learn2mix and classical training. We observe that
the learn2mix-trained neural network yields faster convergence, achieving a test erroRtetdter

200 epochs, at which point the classically-trained network has a test ersdl. dfinally, on the



Table 2: Test mean squared error for learn2mix (L2M) and classical (CL) training.

Epocht =0 :25E Epocht = 0 :5E Epocht = E
Dataset Err (L2M) Err (CL) Err (L2M) Err (CL) Err (L2M)  Err (CL)
Mean Estim. 1:81 o084 651 1:52 | 1:45 026 1:52 o027 | 1:07 009 1:17 0:06
Wine Quiality 177 164 198 151 | 4:26 155 9772 1:94 | 175 021 2:03 0:18
Cali. Housing | 2:52 o068 2:95 o067 | 1:33 0:32  1:82 0:39 | 0:77 o008 0:99 o0:10

MNIST 19:6 o81 20:8 o0:93 129 o0:39 14.0 o:52 9:31 0:24 10:1 o:56
Fsh. MNIST 89:3 263 919 2:37 651 121 709 128 | 455 121 516 160
CIFAR-10 193 1:23 194 1:.98 175 2:85 179 387 144 1.71 148 1:37
(a) Mean Estimation (b) Wine Quality (c) California Housing
(d) MNIST (e) Fashion MNIST (f) CIFAR-10

Figure 3: Comparing model performance errors for classical training and learn2mix training. The
x-axis is the number of elapsed training epochs, while the y-axis is the mean squared error (MSE).

California Housing dataset, we modify the training dataset such that three of the classB%owdve
their original samples. Using the Adam optimizer and MSE Loss, we train a fully connected network
for E = 1200 epochs on California Housing via learn2mix and classical training. We again see that
the learn2mix-trained network converges faster, achieving a test error DBsl@fter 1200 epochs,
while the classically-trained network has a test errdd:80. These empirical evaluations support our
previous intuition pertaining to the extension of learn2mix to imbalanced regression settings.

4.3 Image Reconstruction Tasks

Per Table 2 and Figure 3, we note that the class-imbalanced image reconstruction tasks also observe
faster convergence using learn2mix. For the MNIST case, we modify the training dataset such that
half of the classes reta0% of their original samples. Leveraging the Adam optimizer and MSE
Loss, we train an autoencoder 6r= 40 epochs on MNIST using learn2mix and classical training.

We observe that the learn2mix-trained autoencoder exhibits improved convergence, achieving a test
error less thar.:0 after 35 epochs, which the classically-trained autoencoder achieves after 40 epochs.
Correspondingly, for Fashion MNIST, we modify the training dataset such that half of the classes
retain20% of their original samples (paralleling MNIST). Using the Adam optimizer and MSE Loss,

we train an autoencoder f& = 70 epochs on Fashion MNIST, leveraging learn2mix and classical
training. We observe that the learn2mix-trained autoencoder converges faster, achieving a test error
below54:0 after 50 epochs, which the classically-trained autoencoder achieves after 65 epochs. We
also consider CIFAR-10, wherein we modify the training dataset such that all but two classes retain
20%of their original samples. Utilizing the Adam optimizer and MSE Loss, we train an autoencoder
for E = 110 epochs on CIFAR-10, leveraging learn2mix and classical training. We observe that the
learn2mix-trained autoencoder also converges faster and achieves a test errdr480aaiter 100

epochs, which the classically-trained autoencoder achieves after 110 epochs.



5 Conclusion

In this work, we presentel@arn2mix a new training strategy that adaptively modi es class propor-
tions in batches via real-time class-wise error rates, accelerating model convergence. We formalized
the learn2mix mechanism through a bilevel optimization framework, and outlined its theoretical
advantages in aligning class proportions with optimal error rates. Empirical evaluations across classi-
cation, regression, and reconstruction tasks on both balanced and imbalanced datasets con rmed that
learn2mix not only accelerates convergence compared to classical training methods, but also reduces
over tting in the presence of class-imbalances. Accordingly, models trained with learn2mix achieved
improved performance in constrained training regimes. Our ndings underscore the potential of
dynamic batch composition strategies in optimizing neural network training, paving the way for more

ef cient and robust machine learning models in resource-constrained environments.
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Appendix

A Proofs of the Theoretical Results

In this section, we present the proofs of the theoretical results outlined in the main text.

Proposition 2.3. LetL ( !);L( ) 2 Rk denote the class-wise loss vectors for the model parameters
at timet and the optimal model parameters. Suppose each class-wisk;lp3s2 R is strongly

8i 2f1;:::;kg. Let  =miny 16 g i, L =MaXiyf 1.k g Li. Then, if the model parameters
at timet + 1 are obtained via the gradient of the loss for learn2mix training, where:
=t Ly Yy, with: 2 Rso; (14)
It follows that for learning rate, 2 (0;2=L ), and for mixing rate, 2 (0;1):
. . L
lim t'= ; and: lim '= = T(i): (15)
ti1 ti1 1kL( )

Proof. We begin by recalling thdt;( ) is strongly convex in with strong convexity parametes,
8i 2 f1;:::;kg. Accordingly,8 2 [0; 1], with :‘:1 i =1, theloss functior.( ; ) is strongly
convex in with parameter, °2 Rs o, which is lower bounded by 2 Rs o, as per Eq. (16).
X
0 > 0; where: = mn and: °= (16)
i2f 1;:k g i=1

We note that this lower bound on the strong convexity parameler, , holds independently of.
Now, recall thatr L;( 2 is Lipgshitz continuous in with Lipschitz constant, 8i 2 f 1;:::;kg.

Accordingly,8 2 [0; 1]¢, where !‘:1 i =1,theloss gradient L(; ) is Lipschitz continuous
in  with Lipschitz constant, .2 R , which is upper bounded dy 2 R o, as per Eq. (17).
X «
L L° o where: L = max Lj; and: L°= L (17)
i2f 15k g i=1
We af rm that this upper bound on the Lipschitz constdrft, L , holds independently of. Now,
suppose that = t, whereL(; !)is strongly convexin with parameter ° andr L(; Y
is Lipschitz continuous in with constant.® L . Let = maxfjl j;ij1 L jo. Bythe
gradient descent convergence theorem, for learning r&g0; 2=L ), it follows that:
lim k k lim ‘'k?© k=k?© klim '=0: (18)
til ti1 ti1
Therefore)imy;  '=  .Let ' 1=L(! H=27L(' Y) ,wherein ' 12 [0;1]. Unrolling
the recurrence relation from Eq. (5) and expressing it in termg of, we obtain:
X 1
t:(l )t 04+ (1 )t 11 I: (19)

1=0
Taking the limit and re-indexing the summationusmg t 1 landl=t 1 n,we obtain:

h K X1 1 #
H t— | t H n t n
L A A U (20)
X1 #
=0+ lim @a Hytin. (21)
' n=0

We proceed with the steps to invoke the dominated convergence theorem. We note that for xed

h | L(t l) #
lm @ ymtino—@ )" lim

- n LC) .
1 1IL(t 1) _(1 ) (22)

RLC )
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Now, consideg(n) = (1 )". For this choice of(n), we have that:

ka )t @ )k'?!" g(n);s;n2N (23)
R R . 1 1
g(n) = (1 ) :ﬁ:—<1: (24)
n=0 n=0
We now invoke the dominated convergence theorem# Recalling Eq. (21), we observe that:
K1
H t — H t 1
dmotemo@ ot @)
n=0
hs X L( )
= @a Hlm ttn= @a )y (26)
h=0 " n=0 1eLC )

1 L) _ LC)

O T Ty T ou @0
ThereforeJim¢iy t= =L( )=17L( ) .Cumulatively, for 2 (0;2=L )and 2 (0;1),
under learn2mix trainindimes '= ,andlimy; = = L( )=1JL( ). O

Corollary 2.4. LetL( !) 2 R denote the class-wise loss vector at tim&uppose each class-wise

following holds8 2 [0; 1%, with K, | =1:
Skt kk L(5 Ok Lk ok (28)
Wherein:tkr L% Yk+kr L( Y~k 2L k! k: (29)

Proof. We begin by recalling thdt;( ) is strongly convex in with strong convexity paramete,
8i 2 f1;:::;kg. Accordingly,8 2 [0; 1], with :(:1 i =1, theloss functior. ( ; ) is strongly
convex in with parameter, °2 R. o, which is lower bounded by 2 R. o, as per Eq. (30).
k
0 > 0 where: = min H and: °= ) i i (30)
i2f 10k g i=1

Now, recall thar L;( ), is Lipgshitz continuous in with Lipschitz constant, 8i 2 f 1;:::;kg.
Accordingly,8 2 [0; 1], where !‘:1 i =1,theloss gradient L(; ) is Lipschitz continuous
in  with Lipschitz constant,.°2 R ¢, which is upper bounded dy 2 R o, as per Eq. (31).

X
L LY o where: L = max Lj; and: L°= L (31)
i2f 1,k g i=1
Notethatr L( ; )= On. SinceL(; ) is strongly convex in, the following inequalities hold:
0 0

L) L) LOa)(h )+ 5kt K=okt K (32)

LCS YL ( ;)r L% )t ) ke L(Y )kk! k: (33)

Combining Eq. (32) and Eq. (33), and recalling Eq. (30), we obtain the following inequality:
t. LCS )L O ) :

ke L(Y )k It K 2k k: (34)

Furthermore, since L(; ) is Lipschitz continuous in and recalling Eq. (31), it follows that:
ke L(Y ) r L( : )k L% k=)kr L(% )k Lkt k:  (35)
Altogether, combining Eq. (34) and Eq. (35), we arrive at the nal inequality:

7kt k ke L(% )k Lkt k: (36)
P
Furthermore, since Eq. (35) hol8s 2 [0; 1] where ik:l i =1, it follows that:
ke L(Y% Hk+kr L(%~k 2L k! k: (37)
O
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Proposition 2.5. LetL( !);L( ) 2 RX denote the respective class-wise loss vectors for the model
parameters at timeé and for the optimal model parameters. Suppose each class-wisé |¢s},2 R
is strongly convex in with strong convexity parametet 2 R, o, 8i 2 f 1;:::;kg, and each class-
wise loss gradient L;i( ) 2 R™ is Lipschitz continuous in, having L|psch|tz constart; 2 R o,
8i 2f 1;:::;kg. Moreover, suppose that the loss gradientL(; )2 R™ is Llpschltz continuous
in havmg Lipschitz constait 2 R o, andlet  =miny 1.cg i, L = mMaXjof 1. g Lis
Therrll, if and only if the following holds: i )

i i
- L k' KH=TL(H L) kY k(YL >0 (39

It foIIowi that for every learning rate,> 0, and for every mixing rate, 2 (0; ]:
o LYy Y Yor LY : (39)
Where: = T LK sl Loy (40)
L L iy ~ Kkt ok (L(Y L)
Proof. We note that for all subsequent derivatioRs, *; ;; Y= k(' r L(% YY) K,
andG( ', ;) =k(' r L(YH-) k, where ' 1 =~ We begin by observing that:
F(Y oo t)2:kt k2 o2 (¢ Yr o L(Y D+ ke L(Y YK (41)
F(Y 59 %=kt K 2(0 )Tr LS9+ ke LYK (42)
Accordingly, the difference betweef ( *; ;; Y) % and G4 o~ %is given by:
FOU 5 97 ot it 2 (0 )T LS Y L5
+ Zkr L(Y HK® kr L( 4G ~K
Consequently, suppose thaf '; ;; + YH=2 (! Yor L(Y% Hr L(Y%~) ,and
letd (4« H= 2kr L(Y YHYk® kr L( ';~)k? . Suppose the loss gradient, L(; ),
is Lipschitz continuous in with Lipschitz constant,. . We now upper bound ( %; ; + Y):
(5 9= 2oL ) LS T L YEr Lt
ke LCS D r o LChkke LOS D+ LOYS 9k (44)
22L k' o~k kr L(Y% Hk+kr LG9k (45)
22L L k' ~kk't k (46)
t 1
=2 2L L ~+ 11L|(_(t)1) ~  ~kt k 47)
t 1
=2 2L L 1|;_E(t)l) ~ k't k: (48)

We note that this upper bound follows from the Cauchy-Schwarz inequality and Corollary 2.4. We

now proceed by lower bounﬂir‘rg( L S .
[

HCY 5os D=2 (8 )T L D) (8 )T L5 (49)
h i
2 (! Yr (S Y kot kkr L( %~k (50)
h i
2 (! Y'r L(% Y Lkt k2 (51)

=2 7kt K+L(% HYL (Y Lkt k2 (52)

=2 5 Lokt ReST() L)
t 1 T
iy - L) (53)
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As in above, we note that this lower bound also follows from the Cauchy-Schwarz inequality and
Corollary 2.4, and further invokes the strong convexity¢f, ) in . Combining Eq. (48) and

Eq. (53), we obtain the following upper boundgn( *; ;; Y12 [G( Y ;; %
FO5S 50 9% b 5% KOS 5 s (54)
Where:K( ' 555 v )= 2 - L k! K2+~T(L(H L ()

L(t 1) T .
iy - O L)
L( t 1)
+2 2L L —~ ~kt k:
Lt 59

Now, consider the following chain of inequalities deriving from Eq. (54):

K(Y 555+ ) 09 F(5% 53 D% oY 5:9° 0 (56)
=) F(YH 55D Al o)
Accordingly, we aim to nd a condition on the mixing rate, under which the chain of inequalities
is satis ed. We proceed by letting( '; ;;; + ') 0, andrearrange the terms:
— L k' R+=TW(H L () LL RCD ey (57)
2 (e
L(t Y Tt .
Ty - OO L)
We note that this chain of inequalities is satis ed if, for every O:
- L k't K2+~T(L(Y L
0< . (LY L) . (s8)
L L 1f|(_(t)1) ~ k! k 1TLE(1)1) ~ (LCH L
- L k't K2+~T(L(Y L :
Where: = z h tH L) i (59)
L L omieey ~ k' k(L)L ()
k

However, > 0iff the numerator and denominator from Eq. (59) have the same sign, ensuring that
> 0. Accordingly, if and only if the condition provided in Eq. (60) is satis ed:

h ih i
- L k't K+~TL(H L () k! k (L(YH L () >0 (60
It follows that for every learning rate> 0, and for every mixing rate 2 (0; ] satisfying Eq. (59):
or Ly h tor (Y ; (61)

O

B Additional Empirical Results

For further performance veri cation of learn2mix, we present several ablation studies quantifying
the effects of different architectures, optimizers, batch sizes, learning rates, and mixing rates for the
considered classi cation tasks from the main text. We further present the worst-class classi cation
accuracy on Imagenette to further gauge the ef cacy of learn2mix within imbalanced classi cation
settings, and illustrate how the mixing parameters converge to a stable distribution on Mean Estimation.
We rst consider CIFAR-10 and CIFAR-100 (per Section C), and evaluate whether the gains afforded
by learn2mix persist across architectures. For CIFAR-10, we recall the Large LeNet architecture,
trained using the Adam optimizer and Cross Entropy Loss with learning ratée-5 for E = 200 s,

and the MobileNet-VV3 Small architecture, trained using the Adam optimizer and Cross Entropy Loss
with learning rate = 1e-4for E = 750 s. For CIFAR-100, we consider again the MobileNet-V3
Small architecture, trained using the Adam optimizer and Cross Entropy Loss with learning rate

16



(a) CIFAR-10: Large LeNet (b) CIFAR-10: MobileNet-V3 Small

(c) CIFAR-100: Large LeNet (d) CIFAR-100: MobileNet-V3 Small

Figure 4: Comparing model classi cation errors for learn2mix, classical, FCL, SMOTE, IS, and
CURR training. The x-axis is the elapsed [training] time, while the y-axis is the classi cation error.

=le4for E = 200 s, and the Large LeNet architecture, trained using the Adam optimizer and
Cross Entropy Loss with learning rate= 1e-4 for E = 50 s. The results are depicted in Figure
4. We observe that for both Large LeNet and MobileNet-V3 Small, the learn2mix-trained models
converge faster than the classical, FCL, SMOTE, IS, and CURR trained models.

Next, we evaluate the robustness of learn2Mix to different optimizers and batch sizes. As we used the
Adam optimizer in the main text, we now consider the RMSProp optimizer [Graves, 2013] with batch
sizeM 2 f 250,500 1000y. We train LeNet-5 on MNIST using Cross Entropy Loss with learning
rate =lebforE =45s,E =60 s, andE =70 s. As depicted in Figure 5, we see that learn2mix
converges faster than classical, FCL, SMOTE, IS, and CURR training.

(@) MNIST:M = 150 (b) MNIST: M =500 (c) MNIST:M = 1000

Figure 5: Comparing model classi cation errors for learn2mix, classical, FCL, SMOTE, IS, and
CURR training. The x-axis is the elapsed [training] time, while the y-axis is the classi cation error.

We further verify the robustness of learn2Mix to different learning rates. We train LeNet-5 on MNIST

using Cross Entropy Loss with learning rat@ f 1e-5; 1e4; le-3gforE = 75 s,E =50 s, and

E =45 s. Per Figure 6, we observe that the faster convergence afforded by learn2mix is apparent for
2 f 1leb; le4q. For = 1e-3, we note that after convergence, the learn2mix train error continues

to decreases at a faster rate than the the classical, FCL, SMOTE, IS, and CURR train errors.

We now illustrate the worst-class classi cation accuracy on Imagenette and IMDB as an additional
metric to gauge the ef cacy of learn2mix for imbalanced classi cation settings. We train ResNet-18
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