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ABSTRACT: Transfer learning is the predominant method for adapting pre-trained models on another task to new
domains while preserving their internal architectures and augmenting them with requisite layers in Deep Neural
Network models. Training intricate pre-trained models on a sizable dataset requires significant resources to fine-tune
hyperparameters carefully. Most existing initialization methods mainly focus on gradient flow-related problems, such as
gradient vanishing or exploding, or other existing approaches that require extra models that do not consider our setting,
which is more practical. To address these problems, we suggest employing gradient-free heuristic methods to initialize
the weights of the final new-added fully connected layer in neural networks from a small set of training data with fewer
classes. The approach relies on partitioning the output values from pre-trained models for a small set into two separate
intervals determined by the targets. This process is framed as an optimization problem for each output neuron and
class. The optimization selects the highest values as weights, considering their direction towards the respective classes.
Furthermore, empirical 145 experiments involve a variety of neural network models tested across multiple benchmarks
and domains, occasionally yielding accuracies comparable to those achieved with gradient descent methods by using
only small subsets.
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1 Introduction
Utilizing knowledge acquired in one domain to facilitate learning in another domain is known as

Transfer Learning (TL). This approach does not rely on assumptions about training and test data’s indepen-
dence and identical distribution. TL also offers a solution to challenges such as limited data availability [1]
and constraints on computational resources [2] when training models in a new domain. This method is
primarily employed for transferring knowledge across closely related domains [1–4], not consistently yielding
superior results [1,4], called ‘negative transfer.’ Even when domains are related, TL can have adverse effects
if pre-trained models lack transferable and beneficial components from the domains [2,4]. Nonetheless,
reference [5] demonstrated recently that TL can also be applied across entirely distinct domains. For example,
a language corpus-trained model could be applied to offline reinforcement learning.

Authors in [2] reviewed over 50 research studies in the area of TL within Deep Neural Net-
works (DNNs) and classified the methods into four primary categories regarding solutions: model-based,
discrepancy-based, Generative Adversarial Network (GAN)-based, and relational-based approaches. How-
ever, researchers commonly categorize traditional TL in Machine Learning into four types: 1. instance,
2. feature, 3. parameter, and 4. relational-based approaches [1]. The advent of DNNs allowed traditional
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methods to be applied to unstructured data, leveraging features extracted by convolutional neural networks
(CNNs). Additionally, modern NNs, largely reliant on backpropagation, also called “vanilla” NNs, use a
variety of loss functions, including Maximum Mean Discrepancy [6], Gumbel softmax distribution [7,8].

Retraining models with various hyperparameters called fine-tuning, particularly preserving similarities
between domains with residual networks, representing discrete values with categorical [7], showed better
generalization at the early stage of DNN. However, reference [9] later reported that it has certain limitations
across datasets when applied to segmentation problems. To address this limitation, weakly supervised
learning is utilized to generate pseudo-labels [10]. Additionally, other approaches have emerged in tandem,
including transformer-based methods [11] and dual-stream architectures [12].

Before the widespread adoption of Deep Neural Network (DNN) models, traditional techniques,
notably highlighted by [13] in image processing and Computer Vision, relied on filters to extract features from
images for the construction of Machine Learning (ML) models. Reference [14] empirically demonstrated
that specific filters are constructed in the early layers of CNNs. They concluded that the first layer is not
dependent on specific tasks or datasets. Subsequently, reference [15] extended the previous findings through
extensive numerical experiments. They recommended extracting all layers from pre-trained models, except
for the last classification layer, to adapt these models to new domains.

In this work, we develop a linear classifier model relying upon the conclusion above and the logistic
regression model by [16,17] in which the weights are expressed in two terms and computed heuristically. Our
proposal differs from existing work significantly. For example, weight initialization techniques principally
aim to trade-off between gradient vanishing and exploding [9,18] since these methods initialize whether
entirely or partially model from randomly generated values, the initial model’s accuracy is 100/C, where
C is a number of classes. Another track of existing work relied on gradient-based weighting [19,20] also
has several well-known issues, including a requirement on an extra model or several iterations detailed in
the next section, that is not fitted to our setting. Precisely, we apply these results to TL for classification
problems leveraging features extracted from DNN models and illustrate our results in various tasks and
settings. Specifically, we utilize CNNs, ViTransformers for image and audio classification, and BERT models
for text classification as feature extractors, considering datasets have fewer classes since many practical
datasets have small sets of classes [21,22]. Additionally, our target is to transfer learned knowledge in practical
tasks requiring fewer examples. Lastly, The structure of the remainder of this work is as follows: the next
section provides a description and comparison of existing works, followed by an elaboration of the proposed
approach in the third section. The empirical outcomes and discussions are presented in the last two sections.

2 Related Work
Existing research can be divided into two sections according to the approach being proposed: TL

overviewed in the last section in DNN architectures and computing weights for a logistic model. The latter
problem is solved widely by gradient descent approaches, and it is also very well known. And we also
assume that we have extracted features from DNN models. Therefore, we mainly describe methods that
find weights of a linear model heuristically rather than gradient descent. Nonetheless, when applying TL
on the same architecture, it’s common practice to initialize the weights with random values, following the
same strategy used for training most NN models. References [23,24] introduced random weight initialization
methods, coupled with variates, to enhance the flow of backpropagation and improve the convergence
of gradient optimization algorithms. However, despite these advancements, these methods do not always
improve model performance.

Several gradient-based weight initialization methods have been proposed to address the challenges
of vanishing and exploding gradients. Layer-Sequential Unit-Variance (LSUV) Initialization [19] iteratively
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adjusts weight scaling using forward passes until activations reach unit variance, achieving stable gradient
propagation. However, its iterative nature incurs an additional complexity of O(niterkd), where niter is
the number of forward passes needed to stabilize activations, k and d are number of input and output
features, respectively. Fixup Initialization [18] was introduced as an alternative specifically for deep residual
networks, eliminating the need for Batch Normalization by applying learned scaling factors to each layer.
This method maintains an O(kd) complexity but relies on specific architectural constraints, assuming the
presence of residual connections. MetaInit [20] explores meta-learning techniques to optimize initialization,
leveraging gradient information from a preliminary training phase. Despite its effectiveness in adapting
initialization to different tasks, its computational cost is significantly higher at O(Tkd), where T represents
the number of meta-training steps. HyperInitialization uses hypernetworks to generate weight initialization
dynamically, introducing additional overhead proportional to the hypernetwork size H. While these methods
offer improved stability over traditional statistical initializations, they often rely on strong assumptions, such
as well-conditioned gradient distributions or the availability of meta-training data, which may limit their
applicability in resource-constrained settings. As our best knowledge, none of them explicitly considers
our setting.

As the approach basises sorting values of a given feature, it requires average O(nlogn). To avoid this
problem, we use smaller subsets as much as possible, such as 64, 128, etc. The next part is a number of out
features we need to also take into account, so overall complexity is O(knlogn), where k is feature dimension
and n is example size. While some of the above-mentioned methods assume an extra model or residual
connections, the rest usually train the model over some iterations. To conclude, our setting is to compute the
weights of the newly added fully connected layers with a small amount of data in which most existing work
does not fit.

Let’s denote the dataset of examples withX = {x1 , x2, . . . , xM}, where xi ∈ RN and yi ∈ {0, 1} is the target
value for instance xi ∈ XN . Additionally, Kl denotes a set of instances whose target is equal to l , and ∣Kl ∣ is
the number of examples in class l . Now, let’s consider the following traditional logistic regression model for
xi ∈ X:

ŷ =
N
∑
j=1

w jxi
j = w ⋅ xi (1)

where w j ∈ RN are learnable parameters of the model 1. This model is formulated differently by [16] as a
combination of two learnable variables of the weights and two summations for numerical and categorical
features considered independently as follows:

ŷ = ∑
j∈I

t jw jx i
j +∑

j∈J
t jw jx i

j (2)

where t j ∈ {−1, 1}, w j ∈ [0, 1], I, and J are class order indicators, weights, a quantitative feature set, and
a qualitative feature set, respectively. The authors normalized numerical features into interval [−1, 1] and
calculated probabilities for each category in feature j conditioning on target values as in preprocessing stages.
This specific model allows them to constrain possible parameters w from continuous as the former model has
multiple solutions [25] to discrete variables if weights w in the later model are computed deterministically.
Nevertheless, finding optimal values of t j ∈ {−1, 1} still is NP-complete with 2N combinations. This limitation
is later solved by [17] under a strict rule that assumes each class object objects are located in two intervals.
If this assumption is held, then t j = 1, otherwise t j = −1. This paper also utilizes the final model to address
multiclassification problems using a one-vs.-all approach, employing different heuristics to determine the
models’ weights.
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These heuristics from Information Gain, including the GINI index and Entropy, are widely used to
build Decision Tree models. Traditional decision trees mainly split continuous variables into partitions for
some natural reasons [26]; however, this approach lacks extracted features. Reference [26] introduces a
parameter, proposing a hybrid approach incorporating continuous features into conventional decision trees.
Additionally, with these heuristics, we show that our approach can have comparable accuracies by only using
a small subset of datasets, such as 64 or 128. Also, we do not train models using gradient-based approaches
such as Adam and SGD (Stochastic Gradient Descent).

3 Proposed Method
As the proposed method solely computes the weights for the final classifier layer, and our objective

involves transfer learning, we can presume the existence of a predetermined feature extractor, as depicted
in Fig. 1. The feature extractor transforms unstructured data into tabular or tabular data, which we utilize to
identify the local optimal solution in classification tasks. In the subsequent subsections, we assume we are
working with tabular data to define the present problem. Hence, we avoid using notations associated with
transfer learning, such as denoting source or target domains and tasks.

Lorem ipsum
dolor sit amet,
consectetur

adipiscing elit....

Feature extractor

Unstructured
data Tabular

data

Outputs

Figure 1: A common feature extractor for unstructured data. However, since the proposed method is designed
specifically for tabular data, it calculates weights for the final fully connected layer

3.1 Notations and Problem Statement
Let’s consider multiclassification problem notations above and also denoting target values by

yi ∈ {0, 1, . . . , K} for instance xi ∈ X, where K is the number of classes. Additionally, Kl denotes a set of
instances whose target is equal to l , and ∣Kl ∣ is the number of examples in class l . Now, let’s consider the
following linear model for one instance with K outputs for each class, analogous to the final classifier layers
in NN models for object xi ∈ X.

ŷ = xi ⋅ (t⊙w) (3)

where t, w are N × K matrices to represent class orders with entities ti j = {−1, 1} and weights with entities
w j ∈ [0, 1] for each feature, respectively, and ⊙ element-wise multiplication. Given that each output of the
head layer utilizes the same data with different weights, we can extend its application to multiclassification
problems by employing the “one vs. all” approach. This technique, commonly used in various well-known
ML models such as softmax in NN [27] or by combining K binary classifiers in SVM (Support Vector
Machine) [28], enables us to address multiclassification tasks. In this work, our task is to compute the above
parameters of the model in Eq. (3) using these heuristics.
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3.2 Computing Heuristic Weights
Initializing DNN models with non-zero (but not close to zero) constant values can result in gradient

exploding, whereas initializing with values close to zero or zeros can lead to gradient vanishing or not
learning. To avoid these issues, references [23,24] proposed random initialization techniques with normal
distribution as a function of weight dimensions and variance; even multiplication with 0.5 leads to earlier
convergence in larger models. Therefore, we propose to use the class orders with a constant value as follows,
assuming given (extracted) tabular data correlated with targets. The motivation behind the idea is illustrated
in Table 1 as a simple binary classification with 15 synthetic instances described by three inputs and one
target, consisting of 9 and 6 samples for the first and second classes. Entries in the dataset are generated
from a uniform distribution with range [0, 0.7] and [0.3, 1] for the classes and features 1 and 3, respectively,
and the distribution range for feature two is purposely reversed regarding classes. Simply adding these 3-
feature values might lead a linear classifier to be less accurate with constant weights for each feature, whereas
multiplying 2-feature values by −1 improves the linear separability of the space, producing accuracies of
0.67 ± 0.12 and 0.91 ± 0.09 on 10,000 repetitions accordingly. A recently published paper also suggests a
matrix quantization on LLM (Large Language Model) to convert 16-bit weights to 1-bit by representing these
entities into {−1, 0, 1} [29]. The most crucial problem is to obtain these values for each feature since there are
many suboptimal solutions even with class orders, as we do not know each feature order. For example, while
we choose w = (1 − 1 1) in the experiment, w = (1 − 1 1) is also feasible, but reversing class outputs.
In this subsection, we provide and develop three heuristics to resolve deterministic class orders and weights
for each feature, only independently learning conditional probabilities of features on target values. However,
Gaussian Mixture Models and gradient descent techniques usually consider feature correlations [30], which
often leads to superior performance.

Table 1: Synthetic binary classification dataset. Columns labeled with numbers from 1 to 15 indicate object indices while
the first column represents their features

No. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
x1 0.11 0.59 0.37 0.61 0.30 0.04 0.64 0.46 0.69 0.76 0.55 0.92 0.83 0.73 0.64
x2 0.85 0.49 0.68 0.39 0.58 0.69 0.98 0.73 0.61 0.64 0.65 0.65 0.70 0.34 0.07
x3 0.05 0.15 0.19 0.05 0.07 0.69 0.46 0.56 0.40 0.63 0.46 0.75 0.52 0.60 0.60
y 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1

The key underlying idea of computing these parameters is to divide sorted feature values into two
disjoint intervals for each class. To implement this, we first sort the given feature values and then search for
the optimal border of the intervals regarding specific measurements, which will be explained later. The search
process involves all possible binary divisions of these values while guaranteeing that each interval must have
one value at least. This process is feasible since we leverage a small subset of training examples. Otherwise,
other approaches may be better as sorting has a significant time complexity with O(mnlog(n)), where m
and n are the numbers of samples and extracted features, respectively. Let’s denote the numbers of the first
and second-class examples in the first and second intervals by U ∈ {0 ∪N}2×2. Algorithm 1 outlies finding
a weight only for variable x j conditioned on target y, where function measurement is defined later. We also
use indexing [index] along with subscripts and superscripts.
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Algorithm 1: Finding optimal separability reproduced from [17]
Require: x and y ⊳ input feature x and target y
Ensure: w, b ⊳ separability measurement w and border b

1: w ← 0, b ← 0 ⊳ Initial values of output
2: l← argsort(x)
3: i ← 0
4: Define U ∈ Z2×2 initialized with zeros
5: U 2

1 = ∣K1∣, U 2
2 = ∣K2∣ ⊳ Initially all elements located in the second interval

6: while i < ∣x∣ do
7: i ← i + 1
8: U 1

y[l[i]] ← U 1
y[l[i]] + 1

9: U 2
y[l[i]] ← U 2

y[l[i]] − 1
10: if xl[i] ≠ xl[i+1] then ⊳ Ensuring disjointablity of intervals
11: s ← measure(U) ⊳Calculate w j
12: if w < s then
13: w ← s, b ← i
14: end if
15: end if
16: end while

To measure the separability of the divisions, we leverage three heuristics: entropy and the GINI index
from Information Gain widely used in decision trees and the last is introduced in [16]. As the first two criteria
are leveraged in many applications by researchers, we only include the third one as shown in Eq. (4). The
first two criteria can only be applied to the conditioning of categorical variables on the target. Continuous
variables are usually divided into bins before feeding them. In this case, we use them in the binary division of
output values of DNN models, but unlike bins, the division is found by Algorithm 1 to maximize the heuristic
value.

measure(U) = (∑
2
d=1∑2

i=1 U d
i (U d

i − 1)
∑2

i=1 ∣Ki ∣(∣Ki ∣ − 1)
)(∑

2
d=1∑2

i=1 U d
i (∣K3−i ∣ −U d

3−i)
2∣K1∣∣K2∣

) (4)

where the values of the first and second braces indicate the similarity and difference of the two classes by the
underlying feature conditioning on target y. The measurement value lies in range [0, 1], and if it is equal to
1, then two class objects are located in two intervals without mixing.

Once we’ve established the boundary using either described heuristics, we can ascertain the class order
t j for feature j. In general, one straightforward solution to compute this value is to know where the target
class object values are located, whether mostly on the left or right side of certain output sorted values. If
most of these values are higher than others, then we assign +1. Otherwise, we can just assign −1. But, another
possible case in which they may be mixed with others might prevent getting the exact better value. So, we
only compute it regarding the border deterministically found by explained heuristics. If we have the border
values dividing the sorted values into two intervals, we use Algorithm 2 to determine it. The typical problem
of the One verse All approach is the first class values are fewer than that of the second. This raises the class-
imbalance challenge, which is also taken into account by Algorithm 2, computing relative probabilities over
corresponding class sizes and internals.
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Algorithm 2: Determining class order
Require: x, y, b ⊳ input feature x, target y, border b
Ensure: t ⊳ target class order of output x

1: i ← 0
2: Define u ∈ Z2 initialized with zeros ⊳numbers of two class objects
3: while i < ∣x∣ do
4: i ← i + 1
5: if xi ≤ b then ⊳ only the first interval objects
6: uy[i] ← uy[i] + 1
7: end if
8: end while
9: p0 ← u0

∣K1 ∣
, p1 ← u1

∣K2 ∣
⊳ probabilities over corresponding classes

10: d ← p0
p0+p1

⊳ the first class relative probability
11: t ← 1 ⊳ assuming that the first class values are higher
12: if d > 0.5 then ⊳ assumption is not held
13: t ← −1
14: end if

3.3 Theoretical Background
Suppose binary classification and first-class objects are located in the first interval to not consider the

class direction in this analysis. Traditional linear classifiers assign equal weight to all features, which may lead
to overfitting when irrelevant or weakly predictive features dominate. To mitigate this issue, we use a feature-
weighting scheme based on heuristic purities, where the contribution of each feature is scaled according to
its discriminative power [31]. We define the transformed feature representation as a weighted sum of features,
where the weights are given by one of the purity values:

Z =
d
∑
j=1

P(X j)X j . (5)

This transformation enhances the impact of highly pure features while suppressing the influence of
less informative ones. The resulting classifier operates in the modified feature space Z, which is expected to
improve generalization by reducing the model’s susceptibility to noise [25]. We consider the Rademacher
complexity to analyze the generalization performance, which provides an upper bound on the expected error.
For a linear classifier fW(X) =W T X, the empirical Rademacher complexity is given by:

R̂(F) ≤ ∣W ∣2R√
n

, (6)

where R is the maximum norm of the input feature vectors and n is the number of samples [32]. When
applying the heuristic weighting, the transformed feature norm of (5) is modified as:

∣Z∣22 =
d
∑
j=1

P(X j)2∣X j∣22. (7)
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Thus, by substituting (7) into (6), the Rademacher complexity of the weighted classifier becomes:

R̂(FP) ≤
∣W ∣2√

n
(∑ j = 1d P(X j)2R2

j)
1/2

, (8)

where R j is the maximum norm of each feature; since lower-purity features contribute less, this bound
is effectively reduced, leading to better generalization performance. Furthermore, using results from VC-
dimension theory, the generalization error of a linear classifier in a d-dimensional space is given by:

E[error] ≤ ˆerror + O
⎛
⎝

√
d log n

n
⎞
⎠

. (9)

By weighting features according to the heuristic weights, the effective dimension is reduced to d̃ = O(k),
where k is the number of dominant features. This yields an improved bound:

E[error] ≤ ˆerror + O
⎛
⎝

√
k log n

n
⎞
⎠

. (10)

Since k ≪ d in most cases, this result suggests that heuristic-based feature weighting enhances general-
ization by effectively regularizing the classifier [33]. Our theoretical analysis demonstrates that incorporating
the heuristic weighting into the feature representation improves generalization by reducing Rademacher
complexity and the practical VC dimension. This method offers a principled approach to feature selection
that prioritizes highly informative features while suppressing noise.

3.4 Analysis of Heuristics
We first compare GINI and Entropy since the difference between them is only log function. Let’s denote

binary class probabilities in the left interval by p1 and p2 and define GINI and Entropy by G(p1 , p2) =
1 − p2

1 − p2
2 and H(p1 , p2) = −p1 log(p1) − p2 log(p2), respectively. Both functions reachs their maximum

values (0.5 and 1) when the class distribution is uniform, p1 = p2 = 0.5, that is the most impurity1 . For these
two heuristics, we can easily obtain the following property and inequality: both heuristics are monotonic
(purity reaches its maximum value of 1); G(p1 , p2) ≥ H(p1 , p2). For proofs, refer to [30,31,34]. They show
that for any split, the GINI Index will result in less impurity than the Entropy measure, meaning that the
GINI Index leads to a more aggressive split when the problem is class imbalance. In other words, as we often
leverage the one-vs.-all approach that leads to class imbalance problems naturally, so we may prefer Entropy
over GINI Index. Given a split by matrix U ∈ {0 ∪N}2×2, we need to consider the purity of classes in each
interval and also to be fair with Eq. (4) since it deems both sides statistics, we next define more appropriate
versions of these heuristics by PG(U) = G(q1 , q2) − n1

n G(p1
1 , p1

2) − n2
n G(p2

1 , p2
2) and PH(U) = H(q1 , q2) −

n1
n H(p1

1 , p1
2) − n2

n H(p2
1 , p2

2), where qi = ∣Ki ∣
n , n j = U j

1 +U j
2, and p j

i =
U j

i
n j

, respectively. The first terms coincide
with the total impurity of two classes that, if the dataset is totally balanced, their values are equal 0.5 and
1. In contrast, the last two terms express the purity of each interval, respectively. Most importantly, these
two purity heuristics require more examples due to reversely associating with n while Eq. (4) does not.
The empirical also approves this statement in Fig. 2. Additionally, the alternatives are more conservative
than Eq. (4), which leads to zero weights in the worst-case scenarios. For example, suppose a split given by

1As we consider only one interval, so P1 + P2 = 1 is not necessarily.
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matrix U = ( 4 6
4 6 ), then both alternatives equal to 0 while Eq. (4) is 0.22 since the later always mix two

internal statistics in both its term while the alternatives consider separately. From Section 3.3, we obtained
the improved bound (10) that the smaller k the smaller expected error. Nevertheless, we witness empirically
that more zero-weights leads to loss more information in Section 4. Additionally, we can conclude the same
for the complexity relying (8) that the alternatives may lead less complexity bound, but we empirically find
Nikolay’s heuristic is much better as we explained above.

Figure 2: Results of 8 random experiments, accuracies generally increase with larger subsets, but not drastically. Note:
annotations are given repeatedly with various heuristics while omitting base model names

4 Experimental Results
As the proposed approach assumes that its input is tabular, we can apply it to various data types, such

as images, texts, and audio, in the context of model-based transfer learning problems. To illustrate results in
more settings, we use various-sized subsets from training sets to compute weights. Table 2 depicts a fragment
of outcomes (other results are located in Appendix C, the source code repository) for several datasets from
3 domains with different pre-trained models from Kaggle2 . As mentioned earlier, we only add one classifier
layer to CNN models for image classification tasks and calculate its weights heuristically. In text classification
problems, the input from feature extractors is pooled output of the pre-trained models (BERT models and
their various modifications [35]) in related domains. The CNN pre-trained models used in classification
problems are also employed to classify audio signals by creating their spectrograms, multiplying their channel
by 3, as CNN models only consume three channels. Furthermore, we also consider binary classification as
two output NN models since these two terms are equal [30].

Table 2: Accuracies of training/test sets using Eq. (4). All dataset and pretrained model details are located in Appendix A
and Appendix B accordingly

Model(version) Dataset Subset sizes
64 128 256 512 1024 2048

Image classification

MobileNet3(small-
fe.)

CIFAR10 0.49/0.49 0.58/0.58 0.60/0.60 0.63/0.63 0.65/0.65 0.65/0.65

EfficientNet(b4-
fe.)

CIFAR10 0.62/0.63 0.72/0.71 0.75/0.75 0.76/0.75 0.77/0.77 0.78/0.77

(Continued)

2All models are trained and published by Google, formerly TensorFlowHub. CNN and VisTransformer models are pre-trained on ImageNet, while
BERT models are on various datasets.
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Table 2 (continued)

Model(version) Dataset Subset sizes
VisTransformer(b16-

fe.)
CIFAR10 0.68/0.68 0.72/0.71 0.73/0.73 0.77/0.77 0.81/0.81 0.80/0.80

MLP-
mix(b16-i1k-

cl.)

CIFAR10 0.10/0.10 0.10/0.10 0.10/0.10 0.16/0.16 0.10/0.10 0.11/0.11

EfficientNet(b1-
fe.)

Intel 0.86/0.86 0.85/0.84 0.88/0.87 0.87/0.86 0.87/0.87 0.88/0.88

Inception3(fe.) Intel 0.61/0.62 0.66/0.66 0.66/0.66 0.67/0.67 0.65/0.66 0.58/0.59
Reset50(cl.) Intel 0.64/0.65 0.69/0.70 0.70/0.70 0.76/0.76 0.74/0.74 0.74/0.74
Reset50(fe.) Intel 0.62/0.62 0.59/0.59 0.55/0.55 0.64/0.65 0.64/0.64 0.66/0.67
Inception3(fe.) Pneum. 0.77/0.75 0.85/0.70 0.85/0.69 0.85/0.71 0.85/0.71 0.85/0.72
Convnext(base-

1k-224)
Pneum. 0.26/0.38 0.26/0.38 0.26/0.38 0.26/0.38 0.26/0.38 0.26/0.38

MobileNet3(large-
cl.)

Pneum. 0.85/0.83 0.89/0.85 0.91/0.84 0.92/0.79 0.92/0.81 0.92/0.81

VisTransformer(b16-
fe.)

Pneum. 0.90/0.85 0.88/0.79 0.84/0.85 0.83/0.84 0.82/0.82 0.84/0.84

Convnext(base-
1k-224)

Rice 0.75/0.76 0.76/0.76 0.79/0.79 0.81/0.81 0.82/0.82 0.81/0.81

EfficientNet(b1-
fe.)

Rice 0.74/0.74 0.89/0.89 0.89/0.88 0.91/0.91 0.92/0.92 0.92/0.92

MobileNet3(small-
fe.)

Rice 0.91/0.92 0.88/0.88 0.89/0.89 0.92/0.92 0.91/0.90 0.90/0.90

MLP-
mix(b16-i1k-

fe.)

Rice 0.87/0.87 0.91/0.91 0.92/0.92 0.93/0.93 0.94/0.94 0.94/0.94

Text classification

Albert(en_base) Gossip 0.25/0.24 0.25/0.24 0.25/0.24 0.25/0.24 0.25/0.24 0.25/0.24
Electra(small) Gossip 0.51/0.50 0.42/0.41 0.66/0.65 0.35/0.35 0.42/0.41 0.33/0.32

BERT(1) Gossip 0.73/0.74 0.41/0.42 0.74/0.75 0.74/0.75 0.74/0.75 0.74/0.75
BERT(small-
l2-h128-a2)

Gossip 0.76/0.76 0.74/0.74 0.74/0.75 0.75/0.76 0.75/0.75 0.73/0.74

BERT(small-
l2-h256-a4)

Gossip 0.35/0.35 0.51/0.50 0.75/0.76 0.55/0.55 0.45/0.45 0.46/0.46

BERT(small-
l2-h512-a8)

Gossip 0.76/0.76 0.49/0.49 0.49/0.48 0.67/0.68 0.56/0.56 0.41/0.40

Electra(small) IMDB 0.58/0.58 0.59/0.60 0.55/0.55 0.59/0.57 0.59/0.59 0.55/0.55
BERT(3) IMDB 0.61/0.60 0.50/0.49 0.50/0.49 0.50/0.49 0.50/0.49 0.50/0.49

BERT(small-
l4-h512-a8)

IMDB 0.57/0.58 0.65/0.64 0.58/0.58 0.59/0.59 0.65/0.65 0.65/0.65

Talking-
heads(base)

Emo. 0.56/0.56 0.70/0.71 0.53/0.54 0.64/0.63 0.58/0.57 0.64/0.66

BERT(small-
l2-h128-a2)

Emo. 0.50/0.47 0.49/0.51 0.44/0.45 0.55/0.59 0.60/0.62 0.66/0.68

BERT(small-
l2-h256-a4)

Emo. 0.60/0.61 0.78/0.79 0.70/0.69 0.52/0.52 0.54/0.51 0.57/0.54

BERT(small-
l2-h512-a8)

Emo. 0.61/0.58 0.67/0.64 0.67/0.65 0.67/0.66 0.66/0.64 0.69/0.66

BERT(small-
l4-h512-a8)

Emo. 0.41/0.41 0.42/0.44 0.58/0.57 0.70/0.69 0.63/0.62 0.61/0.63

Electra(small) Emo. 0.47/0.48 0.57/0.57 0.47/0.49 0.43/0.45 0.47/0.46 0.54/0.52
Talking-

heads(base)
Docs 0.49/0.47 0.55/0.50 0.47/0.42 0.61/0.53 0.65/0.62 0.64/0.59

(Continued)
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Table 2 (continued)

Model(version) Dataset Subset sizes
Electra(small) Docs 0.54/0.50 0.61/0.59 0.59/0.57 0.51/0.48 0.57/0.53 0.54/0.48
BERT(small-
l2-h128-a2)

Docs 0.53/0.51 0.64/0.67 0.63/0.62 0.65/0.65 0.54/0.50 0.67/0.66

BERT(small-
l2-h256-a4)

Docs 0.57/0.57 0.58/0.57 0.63/0.66 0.61/0.62 0.47/0.50 0.54/0.55

BERT(small-
l2-h512-a8)

Docs 0.51/0.52 0.65/0.65 0.65/0.68 0.65/0.65 0.67/0.68 0.68/0.70

BERT(small-
l4-h512-a8)

Docs 0.24/0.23 0.59/0.60 0.58/0.54 0.62/0.60 0.72/0.71 0.63/0.61

Audio classification

MobileNet3(small-
fe.)

Voice 0.28/0.26 0.28/0.29 0.32/0.30 0.31/0.30 0.32/0.31 0.32/0.31

MLP-
mixer(b32-sam-

fe.)

Voice 0.25/0.25 0.32/0.30 0.30/0.30 0.30/0.29 0.29/0.29 0.34/0.33

EfficientNet(b0-
fe.)

Voice 0.25/0.24 0.29/0.28 0.29/0.29 0.29/0.28 0.29/0.28 0.29/0.29

inceptionv3(cl.) Voice 0.19/0.18 0.26/0.26 0.25/0.25 0.25/0.25 0.26/0.25 0.26/0.25
MLP-

mix(b32-sam-
fe.)

Comm. 0.27/0.26 0.22/0.24 0.30/0.28 0.33/0.30 0.37/0.37 0.36/0.36

MobileNet3(small-
fe.)

Comm. 0.19/0.18 0.23/0.19 0.23/0.23 0.20/0.21 0.29/0.29 0.24/0.24

Note: In model versions, cl. and fe. indicate classification and feature-vector outputs, respectively. Specific outcomes
are highlighted in bold face.

When we apply the proposed method to the head layer of pre-trained models in image classification, the
results dropped significantly compared to feature extractor layers as concluded in [14,15] except ResNet50.
Particularly, this phenomenon can be seen in almost all outcomes of MLP-mixers, for example, 10%, which
is the random guessing value on CIFAR10. The most suitable reason, we think, for the MLP-mixer on
CIFAR10 with classification output is that its architecture does not have convolutional layers [36]. Another
notable wonder is witnessed after assigning heuristic weights to the head layer; that is, further training
models on these weights is always worse than training with random parameters applying gradient descent
optimizations. Reference [9] also concluded a similar case that fine-tuning pre-trained models does not
always produce better results and suggested self-training models.

As subset sizes increase, accuracies also increase in mostly image and audio datasets with few exceptions
as we sample subsets randomly. This trend cannot encountered in the rest. Instead, the higher results are
located in subsets with sizes 128, 256, and 512. Nevertheless, this trend often goes up significantly in smaller
subsets, and later changes in accuracies are not remarkable, as shown in Fig. 2. This might conclude that
the proposed method can be used with smaller subsets by providing sufficient samples for each class. For
example, MobileNet3 on 64 Rice samples classified 92% of objects correctly while EfficientNet achieved 86%
on Intel images just 2% less than the highest. Additionally, training and test accuracies are almost equal
on large datasets compared to the training subset number, for example, CIFAR10, but not Pneum. since we
trained models from a small subset of samples. Finally, when it comes to text classification tasks, models
with fewer parameters tend to outperform larger models. However, meticulously training these larger models
does not necessarily lead to significant improvements in their performance. This leads to the conclusion that
a small set of datasets is sufficient to compute the weights.
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As Table 2 depicts outcomes for only Eq. (4), we generalize respective results of the GINI index and
entropy by comparing with Eq. (4) in Fig. 3 to provide a more comprehensive understanding. Since the
number of total experiments is 145 and subsets are drawn randomly, Fig. 3 illustrates how frequently
each measurement outperformed the other alternatives across different subset sizes. Computing weights
in Eqs. (3) by (4) surpasses 5 out of 6. For the smallest subset size of 64, metric nikolay has the highest score
of 76, followed by entropy at 31 and GINI at 38. As the subset size increases, the variation in the performance
of the metrics shrinks. However, the average absolute differences between Nikolay with entropy and GINI
and entropy with GINI are roughly 4.86%, 4.62%, and 2.68%, respectively.

Figure 3: 145 experiments, demonstrating that Nikolay’s weight-based approach outperformances 5 out of 6

5 Discussion and Conclusion
The paper introduces a heuristic approach as an alternative to backpropagation methods for computing

the weights of a newly added layer in neural networks when performing transfer learning. Although
backpropagation methods are generally superior and outperform the proposed approach, we suggest using
their method as an initialization technique. Despite being outperformed by conventional methods in most
cases, the proposed heuristic approach sometimes produces results very close to those obtained through
backpropagation, but with the advantage of using only a small subset of the training data. Therefore, we
present the method as a computationally efficient way to initialize the weights of new layers in transfer
learning scenarios, which can be further fine-tuned using conventional backpropagation techniques. We
observe almost the same accuracies in text datasets with gradient-decent-based algorithms.

This method involves combining multiple problems in the initial phases. In the context of AutoML
model selection, it can be utilized to first select models before hyperparameter tuning, aiming to reduce the
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number of potential models for a specific task. When introducing a new class to the output layer, we can
also utilize it by simply obtaining a small subset of examples, likewise, few-shot learning, upon which the
approach calculates the weights. The approach can also be advantageous for semi-supervised learning, as it
necessitates only a small number of examples.

We also experimented with the approach in various configurations, but unfortunately, the outcomes
were unsatisfactory. One approach involves selectively truncating certain features for each class output
independently. The most straightforward implementation is to utilize a threshold parameter to assign zero
weights to those features. The configuration leads to a significant decrease in accuracy. We then implemented
the feature ranking method described in [17], but unfortunately, it did not yield improved results. We can add
more other fields in our approach that can be more beneficial than other settings. For example, Federated
learning requires keeping model architecture in each device separately and running models that do not
require intensive computing resources.

Limitations. This heuristic approach possesses several notable limitations, primarily due to its lack of
reliance on theoretical analysis. One of them is further training heuristically weighted models that cannot
outperform their randomly initialized counterparties. However, according to the conclusion of [9], this flaw
is inherent to the proposed approach. Another limitation arises when the number of classes is large, leading
to computational challenges requiring samples and computing weights from extracted features for each class.
Nevertheless, the experiments involve outcomes for CIFAR100, showing roughly 33% on 1024 examples. This
limitation can be avoidable when specific samples are drawn for each class separately. Lastly, the last dataset
is the Audio classification problem in which we first created audio spectrograms as an image, which is an
out-domain dataset since the original CNN model is trained on ImageNet. Therefore, the results are not so
desirable to compare with full gradient-based transfer learning. One mitigation solution will be to directly
use the same domain-trained models, which extract better feature representations of datasets.

Directions for future work. Several directions could be given to improve the approach’s findings along
with a range of applications in related domains. Firstly, the limitations, including regression problems,
larger classes, efficiency, etc., should be mitigated to enhance this approach’s applicability in other domains.
Secondly, whether the annealing this approach or not, many safety-first domains should be considered to
be improvements. For example, safety in Reinforcement learning is most important. Suppose we have a
small expert dataset since acquiring a large dataset is not feasible in practice to train an RL (Reinforcement
Learning) agent. If we use existing methods, they give random guesses or require more samples. Another
example could be federated learning settings where local models must be trained locally on a few examples.
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Appendix A
All datasets are publicly available as listed in Table A1.

Table A1: Datasets details

Dataset name
(accessed on 08

June 2025)

Details

CIFAR10 Widely recognized and commonly utilized dataset within the field of
computer vision, specifically designed for object recognition,

consisting of 10 classes and 70,000 objects.
Intel This dataset consists of approximately 25,000 images, each having a

size of 150 pixels by 150 pixels, which are categorized into six distinct
classes.

Pneum. The dataset has 5863 JPEG X-ray images organized into 3 folders (train,
test, val) with subfolders for 2 categories (Pneumonia/Normal).

Rice 75,000 images, with 15,000 images representing each variety of rice.
Rice 75,000 images, with 15,000 images representing each variety of rice.

Gossip Two fake news datasets are described: one (FakeNewsAMT) combined
manual and crowdsourced annotation, while the other (Celebrity) was

collected from the web.
IMDB The IMDB dataset comprises 50,000 movie reviews, utilized for tasks

like natural language processing or text analytics.
Emotions A set of English Twitter messages carefully marked with six core

emotions: anger, fear, joy, love, sadness, and surprise.
Docs This dataset has 2225 text documents categorized into politics, sport,

tech, entertainment, and business. It’s ideal for document classification
and clustering tasks.

Voice VocalSound is a freely available dataset containing 21,024 recordings
sourced from crowds, capturing laughter, sighs, coughs, throat
clearing, sneezes, and sniffs across 3365 different individuals.

Commands In the Speech Commands dataset, volunteers were tasked with
speaking a limited selection of words, including “yes,” “no,” “up,”

“down,” “left,” “right,” “on,” “off,” “stop,” “go,” and digits from 0 to 9.
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Appendix B Pretrained Models
All pre-trained models from Kaggle are detailed in Table A2.

Table A2: Pretrained model details

Model name Version (accessed on 08 June 2025)
MobilenetV3 large-075-224-classification
MobilenetV3 small-075-224-classification
MobilenetV3 small-075-224-feature-vector

EfficientNet(b0-cl.) b0-classification
EfficientNet(b0-fe.) b0-feature-vector
EfficientNet(b1-cl.) b1-classification
EfficientNet(b1-fe.) b1-feature-vector
EfficientNet(b4-cl.) b4-classification
EfficientNet(b4-fe.) b4-feature-vector

InceptionV3(cl.) classification
InceptionV3(fe.) feature-vector

Resnet50(cl.) classification
Resnet50(fe.) feature-vector

VisTransformer(b16-cl.) vit-b16-classification
VisTransformer(b16-fe.) vit-b16-fe

Convnext base-1k-224
MLP-mix(b16-cl.) mixer-b16-i1k-classification
MLP-mix(b16-fe.) mixer-b16-i1k-fe
MLP-mix(b32-cl.) mixer-b32-sam-classification
MLP-mix(b32-fe.) mixer-b32-sam-fe

BERT(small-l2-h128-a2) small-bert/bert-en-uncased-L2-H128-A2
BERT(small-l2-h256-a4) small-bert/bert-en-uncased-L2-H256-A4
BERT(samll-l2-h512-a8) small-bert/bert-en-uncased-L2-H512-A8
BERT(small-l4-h512-a8) small-bert/bert-en-uncased-L4-H512-A8

Albert albert_en_base
Electra(base) electra_small
Electra(small) electra_base

Experts(pubmed) experts_pubmed
Experts(wiki) experts_wiki_books
Talking-heads talking-heads_base

BERT(1) bert_multi_cased_L-12_H-768_A-12
BERT(2) bert_en_cased_L-12_H-768_A-12
BERT(3) bert_en_uncased_L-12_H-768_A-12

Appendix C All Results
We leveraged all models in Table A2 over datasets in Table A1, so all results are stored in files,

folder ‘res-log’ of https://anonymous.4open.science/r/transfer-learning-D46C (accessed on 08 June 2025) as
reporting in the paper requires so much space. This repository contains all source code, experiments, and
their reports in the paper. To reproduce outcomes, please read the readme file.

https://kaggle.com/models/google/mobilenet-v3/frameworks/TensorFlow2/variations/large-075-224-classification/versions/1
https://www.kaggle.com/models/google/mobilenet-v3/frameworks/TensorFlow2/variations/small-075-224-classification/versions/1
https://www.kaggle.com/models/google/mobilenet-v3/frameworks/TensorFlow2/variations/small-075-224-feature-vector/versions/1
https://www.kaggle.com/models/google/mobilenet-v3/frameworks/TensorFlow2/variations/small-075-224-feature-vector/versions/1
https://www.kaggle.com/models/tensorflow/EfficientNet/frameworks/TensorFlow2/variations/b0-feature-vector/versions/1
https://www.kaggle.com/models/tensorflow/EfficientNet/frameworks/TensorFlow2/variations/b1-classification/versions/1
https://www.kaggle.com/models/tensorflow/EfficientNet/frameworks/TensorFlow2/variations/b1-feature-vector/versions/1
https://www.kaggle.com/models/tensorflow/EfficientNet/frameworks/TensorFlow2/variations/b4-classification/versions/1
https://www.kaggle.com/models/tensorflow/EfficientNet/frameworks/TensorFlow2/variations/b4-feature-vector/versions/1
https://www.kaggle.com/models/google/inception-v3/frameworks/TensorFlow2/variations/classification/versions/2
https://www.kaggle.com/models/google/inception-v3/frameworks/TensorFlow2/variations/feature-vector/versions/2
https://www.kaggle.com/models/tensorflow/resnet-50/frameworks/TensorFlow2/variations/classification/versions/1
https://www.kaggle.com/models/tensorflow/resnet-50/frameworks/TensorFlow2/variations/feature-vector/versions/1
https://www.kaggle.com/models/spsayakpaul/vision-transformer/frameworks/TensorFlow2/variations/vit-b16-classification/versions/1
https://www.kaggle.com/models/spsayakpaul/vision-transformer/frameworks/TensorFlow2/variations/vit-b16-fe/versions/1
https://www.kaggle.com/models/spsayakpaul/convnext/frameworks/TensorFlow2/variations/base-1k-224/versions/1
https://www.kaggle.com/models/spsayakpaul/mlp-mixer/frameworks/TensorFlow2/variations/mixer-b16-i1k-classification/versions/1
https://www.kaggle.com/models/spsayakpaul/mlp-mixer/frameworks/TensorFlow2/variations/mixer-b16-i1k-fe/versions/1
https://www.kaggle.com/models/spsayakpaul/mlp-mixer/frameworks/TensorFlow2/variations/mixer-b32-sam-classification/versions/1
https://www.kaggle.com/models/spsayakpaul/mlp-mixer/frameworks/TensorFlow2/variations/mixer-b32-sam-fe/versions/1
https://tfhub.dev/tensorflow/small_bert/bert_en_uncased_L-2_H-128_A-2/1
https://tfhub.dev/tensorflow/small_bert/bert_en_uncased_L-2_H-256_A-4/1
https://tfhub.dev/tensorflow/small_bert/bert_en_uncased_L-2_H-512_A-8/1
https://tfhub.dev/tensorflow/small_bert/bert_en_uncased_L-4_H-512_A-8/1
https://tfhub.dev/tensorflow/albert_en_base/2
https://tfhub.dev/google/electra_small/2
https://tfhub.dev/google/electra_base/2
https://tfhub.dev/google/experts/bert/pubmed/2
https://tfhub.dev/google/experts/bert/wiki_books/2
https://tfhub.dev/tensorflow/talkheads_ggelu_bert_en_base/1
https://tfhub.dev/tensorflow/bert_multi_cased_L-12_H-768_A-12/3
https://tfhub.dev/tensorflow/bert_en_cased_L-12_H-768_A-12/3
https://tfhub.dev/tensorflow/bert_en_uncased_L-12_H-768_A-12/3
https://anonymous.4open.science/r/transfer-learning-D46C
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