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Abstract

With the rapid increase in the research, development, and
application of neural networks in the current era, there is a
proportional increase in the energy needed to train and use
models. Crucially, this is accompanied by the increase in car-
bon emissions into the environment. A sustainable and so-
cially beneficial approach to reducing the carbon footprint
and rising energy demands associated with the modern age
of Al/deep learning is the adaptive and continuous reuse of
models with regard to changes in the environment of model
deployment or variations/changes in the input data. In this pa-
per, we propose PreIndex, a predictive index to estimate
the environmental and compute resources associated with
model retraining to distributional shifts in data. PreIndex
can be used to estimate environmental costs such as carbon
emissions and energy usage when retraining from current
data distribution to new data distribution. It also correlates
with and can be used to estimate other resource indicators as-
sociated with deep learning, such as epochs, gradient norm,
and magnitude of model parameter change. PreIndex re-
quires only one forward pass of the data, following which
it provides a single concise value to estimate resources as-
sociated with retraining to the new distribution shifted data.
We show that PreIndex can be reliably used across vari-
ous datasets, model architectures, different types, and inten-
sities of distribution shifts. Thus, Pre Index enables users to
make informed decisions for retraining to different distribu-
tion shifts and determine the most cost-effective and sustain-
able option, allowing for the reuse of a model with a much
smaller footprint in the environment. The code for this work
is available here:
https://github.com/JEKimLab/AIES2024PreIndex

Introduction

Considering the entire development life-cycle of a neural
network model, the impact of the training procedure on the
environment is substantial, especially with respect to carbon
emissions and energy consumption. It would be preferable
for a model to be used frequently for a long time “as is”.
However, this is not always feasible. Models must some-
times adapt to a new distribution, environment, or situation
- for example, some ground truths might be changed, some
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data samples might become stale, or some new data sam-
ples might need to come into play. A sustainable solution
to such situations, ultimately with regard to energy, carbon
emissions, and resource consumption, is reusing an exist-
ing model to adapt to such changes. That is, models can
be retrained and adapted to new distributions with minimal
retraining instead of training from scratch. Retraining can
achieve satisfactory accuracy on the new distribution while
exhibiting lower computation costs, thus reducing the car-
bon footprint and energy consumption during the model’s
development and deployment. The primary objective of this
paper is the introduction of a novel metric designed to pre-
dict and estimate the environmental resource costs associ-
ated with reusing a model for distributional shifts. We pro-
vide empirical evidence to show that model retraining sig-
nificantly lowers compute costs compared to training a new
model from scratch.

As deep learning models become more prevalent in every-
day applications, the associated compute demand increases
significantly, leading to substantial electricity consumption
for model training and inference. This trend has significant
social implications, primarily involving the increased release
of carbon compounds into the atmosphere. Various works
(Verdecchia, Sallou, and Cruz 2023; Schwartz et al. 2019)
have highlighted the importance of considering sustainable
and socially conscious practices in Al research and appli-
cation. (Fu, Hosseini, and Plataniotis 2021; Bannour et al.
2021) detail the growing carbon footprint of recent deep
learning models for vision and language tasks. Recent re-
search works (Yarally et al. 2023; Moro, Ragazzi, and Val-
gimigli 2023) have shifted towards a sustainability-focused
approach to model development by being sustainability-
oriented instead of performance-oriented. These research
works call attention to the ongoing need for deep learning
progress to balance energy demands and carbon emissions
with societal concerns. Moreover, there is a requirement
for reducing carbon emissions, which in turn contributes to
lower climate change, thus protecting areas and populations
at risk from the impacts of climate change and scarcity of
energy.

Hence, we propose a predictive index (PreIndex) to es-
timate the environmental cost of retraining a model to new
changes in the data. PreIndex can be used to estimate the
resources that would be expended if a model is retrained to a



new distribution. Pre Index quantifies the change and col-
lapse of the class decision boundaries due to the shift in dis-
tribution, and also quantifies the shift in the representation
as a result of the changing distribution. Pre Index requires
only a single forward pass of the model, following which
it provides a single concise quantitative estimate to com-
pare and predict a model’s retraining cost. A lower value
of PreIndex indicates that fewer resources would be ex-
pended when retrained, and vice versa.

We conduct experiments to validate that PreIndex is
an effective estimator of environmental costs such as carbon
emissions and energy usage, as well as several other retrain-
ing indicators such as epochs, gradient norm, and change
in parameter magnitudes. Through extensive experiments
over convolutional architectures and also Vision Transform-
ers (ViT), we show that PreIndex is model agnostic and
can be used with different architectures without requiring
any modifications to the model structure. By leveraging
PreIndex, deep learning practitioners and organizations
can make informed decisions on deploying models that meet
sustainability and resource usage goals.

Related Work

Distribution shifts can occur due to several factors and can
be of different types and intensities as seen in (Hendrycks
and Dietterich 2019; Arjovsky et al. 2020; Hendrycks et al.
2021). Augmentation techniques (Hendrycks et al. 2020; Liu
et al. 2022; Zhang et al. 2018; Kim, Choo, and Song 2020;
Lee et al. 2020) have shown to provide robustness to certain
types of distribution shifts, but are computationally heavy
and require training a model from scratch. These methods
produce robust models for certain distribution shifts, but
have marginal improvements on other distribution shifts.
Several studies (Geirhos et al. 2020; Yin et al. 2020; Ford
et al. 2019) have shown that there is a non-uniform im-
provement in robustness to the different distribution shifts;
in some cases, improvement on one type of noise or corrup-
tion results in decreased performance on other distributional
shifts. Methods using test time adaptation (Lim et al. 2023;
Niu et al. 2022; Goyal et al. 2022; Wang et al. 2022) ex-
hibit only minimal improvements in model robustness, rely
on batch data, and fail to provide substantial benefits in sce-
narios with elevated noise levels. If the test time informa-
tion is insufficient for adapting the model’s prediction, these
methods fail to provide accurate and confident outputs dur-
ing inference.

(Schwartz et al. 2019) originally coined the concept of
Green Al and Red Al, emphasizing how the substantial
growth in computational complexity and resource usage
of models led to only marginal enhancements in accuracy.
They highlight the need for sustainable practices to go hand
in hand with performance improvements when developing
models. (Verdecchia, Sallou, and Cruz 2023) conducted a
systematic survey of recent works in sustainable deep learn-
ing and showed that energy consumption and carbon foot-
print are the two most predominant measures to quantify
sustainability. Related works (Xu et al. 2023, 2021; Garcia-
Martin et al. 2019; McDonald et al. 2022) tackle the issue
of energy consumption of neural networks. (Bannour et al.
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2021; Fu, Hosseini, and Plataniotis 2021) demonstrate the
significant environmental impact of modern deep learning
methods due to the carbon footprint associated with training
vision and language models. (Dodge et al. 2022) shows that
training ViTs (transformer-based architectures)(Dosovitskiy
et al. 2021) emits a considerably greater amount of carbon
compared to convolutional networks. Similarly, (Strubell,
Ganesh, and McCallum 2019) evaluates the high energy
consumption of transformer-based models, thereby leading
to higher carbon emissions. (Henderson et al. 2020; Patter-
son et al. 2021) draw attention to the lack of carbon emission
reporting in deep learning research. They provide frame-
works for carbon emission measurement and documenta-
tion with an emphasis on quantifying the sustainability as-
pects of training models. (Schmidt et al. 2021; Anthony,
Kanding, and Selvan 2020; Budennyy et al. 2023; Lacoste
et al. 2019) provide tools and frameworks to estimate car-
bon emissions based on energy usage while training models
and emissions from energy generation. (Sangarya, Bradford,
and Kim 2023) explore the impact of individual noise types
on model adaptation by using original-noise image pairs.

(Agarwal, D’souza, and Hooker 2022; Lee and AlRegib
2020; Huang, Geng, and Li 2021) show how gradients are
an important tool in measuring the difficulty of samples and
identifying samples that belong to new distributions. They
show how the gradients are steeper and have larger values for
difficult data and for out-of-distribution data. Studies such
as (Stacke et al. 2020) use the change in layer representation
to study pathology data and focus their work to individual
layers of a model to show it correlates to accuracy loss on
domain shifts.

Various research studies (Raiber and Kurland 2017;
Abou-Moustafa and Ferrie 2012) demonstrate that com-
monly used distance measures are not sufficient to be an
effective distance metric. (Tolstikhin et al. 2018; Arjovsky,
Chintala, and Bottou 2017; Faber et al. 2021) study the
drawbacks of prevalent divergence metrics for specific use
cases. (Hubert and Arabie 1985) introduced the Adjusted
Rand Index for comparing clustering labels, and (Santos and
Embrechts 2009) illustrate the use of Adjusted Rand Index
to evaluate supervised classification and feature selection.
(Deng et al. 2023) compares the performance benefits of re-
training the entire pre-trained model versus retraining only
the feature extractor for classification tasks.

Prelndex

In this section, we provide a detailed overview regarding
PreIndex, which consists of three components — inverse
adjusted rand index, averaged sample representation dis-
tance, and noise variance scaling. We introduce each com-
ponent individually and provide the final formulation of
PreIndex at the end of the section.

Table 1 provides all notations used in the following sub-
sections.

Adjusted Rand Index for Distribution Shift We exam-
ine the collapse of decision boundaries between classes’ data
in the representation space as a result of noise. We quantify
this change and shift in the decision boundaries by perform-



Symbol Description Symbol Description

p Average sample distance Xelean Clean Image

N Number of samples Xnoisy Noisy Image

ny Number of layers CentM  Centroids matrix

Ne Number of clusters P PDF function

WD Wasserstein distance Var Variance function

Prep Height of filter representation Rimg Height of image

Wrep Width of filter representation Wimg Width of image

Y Class label of a sampple A Constant factor

r Cluster labels row sum t True labels row sum

E Normalized Euclidean distance W Flattened Weight vector
M Model R Representation of a sample
c Number of classes in the data f Number of filters in a layer
ActOy Activation output function for layer

s Standard deviation of pixel differences

5 Average deviation over all intensities of specific noise type

d Distance per sample at a given layer

Table 1: Notation

ing clustering on the data representation of the distribution-
shifted data. The shift and collapse of the decision bound-
aries is quantified by obtaining representation data of the
entire distributional shift data, followed by clustering on the
representation data to generate cluster labels. The cluster la-
bels and the true labels are evaluated to quantify the change
in the decision space. Adjusted Rand Index (Hubert and Ara-
bie 1985) is useful to assess a clustering algorithm. Adjusted
Rand Index (ari) is defined as,

() [ s ()] )
ari—=—
arm | mre (1) e ()] - | 220 () 5320 ()] )

ey
where ¢ represents the total count of true labels for each
label in the contingency table of true labels vs. representa-
tion labels via clustering. r represents the summed values
of representation cluster labels in the contingency table. A
contingency table in this scenario is a matrix that summa-
rizes the number of samples belonging to the same cluster
or having the same label in both clustering scenarios. Here,
by ‘both clustering scenarios,” we refer to the representation-
based clustering labels and the true labels. n. is the number
of cluster labels, which is equal to the number of class labels.
n; ; represents the value in each entry of the contingency ta-
ble, which is common to both cluster labels for a given label
i and j. ng is the total number of samples.

ari takes the value O for purely random clustering, and
1 for identical clustering. For our estimator, it is required
to have a low value for decision boundaries which are well
separated and high value for boundaries which overlap and
result in incorrect representation cluster labels. Hence, for
our estimator, PreIndex, we take the complement of ari
and define it as
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Algorithm 1: Representation data’s cluster initialization

Input: Number of samples ns, where X; is the ¢th sample
Number of labels c,
Model M with representation output (R, Y),
for each sample where R is the representation data
and Y is the label
Output: Centroids matrix C'entM, where C'entM,, is
the pth centroid vector
1: CentM <« Empty Vector of size ¢
2: fori < 1tokdo
3: cur_centroid < 0

4: label _count < 0

5: for j < 1tong do

6: (R,)Y) + M(X;)

7: if Y == i then

8: cur_centroid < cur_centroid + R
9: label _count < label_count + 1
10: end if
11: end for
12: CentM; <+ cur_centroid/label _count

13: end for

w | i (1) ez (9)] 50 (759)

tnv_ari=

t

am [y (1), ()] - [ 2 (3) 320 ()] )
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The data representation is obtained from the final convo-
lution layer for a convolutional network’ case while from the
final dense layer in the last transformer encoder block for a
vision transformer’s case. To obtain the representation labels
by clustering, we use KMeans with 3 different centroid ini-
tialization techniques as follows:

1. Using the original data to obtain centroids as detailed in



Algorithm 1,

2. Initializing by Kmeans++ (Arthur, Vassilvitskii et al.
2007), and

3. Initializing by random cluster assignment, and selecting
the cluster with least entropy among 20 random initial-
ization seeds.

The above three initialization schemes result in similar clus-
tering labels. We use Algorithm 1 due to its computational
efficiency as it does not requiring random re-initialization
or iterative assignment of centroids, unlike methods such as
repeated random cluster initialization and KMeans++. Al-
gorithm 1 has quadratic runtime with respect to dataset size
and number of class labels. However, it is computed only
once to initialize the cluster centroids. This is an efficient
approach compared to KMeans++, which has been shown
to have a super-polynomial run-time starting from initializa-
tion to converge in the worst case. In Algorithm 1, we begin
by creating an empty vector that has a size equal to the num-
ber of class labels, as depicted in line 1. CentM is a vector
of size ¢ when initialized, but as the classes’ centroids are
obtained, each entry in C'entM is a vector itself. In the end,
CentM is a matrix of size ¢ x Size of flattened representa-
tion.

Average Sample Representation Distance In this sub-
section, we introduce the average sample distance between
representations obtained from the original and distribution-
shifted sample. The average sample distance is calculated
per layer of the model for each data point and then aggre-
gated to provide a single concise scalar value. Wasserstein
distance is used to find the distance between probability dis-
tributions obtained from the representation of the original
sample and the distribution-shifted sample. The two data
distributions are used to perform a forward pass and ob-
tain the probability distribution from the activations of each
layer.

Algorithm 2 provides the detailed procedure to obtain the
layer distance per sample for a given layer [ of a model. In
Algorithm 2, functions P and W D represent the functions
to compute probability density and the Wasserstein distance
function, respectively. [_clean and [_noisy are the activation
output of all filters in layer [ for clean and noisy images, re-
spectively. lciean and U046y are vectors of size f — number
of filters in the layer [. The activation output of each filter
is averaged as depicted in lines 5-7 in the algorithm, using
Rpep and wy.ep, Which are the height and width of each fil-
ter representation output, respectively. Ppjeqpn and P45, are
the probability distributions for the clean and noisy samples,
respectively.

As areference, Wasserstein distance is preferred over KL-
Divergence, Bhattacharya distance, Jensen-Shannon diver-
gence, and Hellinger distance. Wassertein distance, unlike
KL-divergence, is a true distance metric that exhibits sym-
metry (Raiber and Kurland 2017), and in contrast to Bhat-
tacharya distance, Wasserstein distance satisfies the triangle
inequality (Abou-Moustafa and Ferrie 2012). Studies such
as (Faber et al. 2021; Tolstikhin et al. 2018; Abou-Moustafa
and Ferrie 2012) highlight why Wasserstein distance is pre-
ferred over KL-divergence and its variants, Jensen-Shannon
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Algorithm 2: Calculate layer distance per sample

Input: ActO;: Layer I’s output function with f filters,
Xciean: clean sample ; X445, : NOiSy sample,
ActO;_1: output function for layer 1 through [ — 1

Output: d;: layer distance

: (Repclean)l—l — ACtOl—l(Xclean)

(Repnoisy)lfl — ACtOlfl(Xnoisy)

I_clean + ActO;((Repeiean)i—1)

I_noisy < ActO;((Repnoisy)i—1)

for k < 1to f do

1 Rrep s Wrep
l_clean;, < T Zi:l,j:l

. 1 hrepﬂurep
l-noisyy  p—a— > it t=1
end for

Picans Proisy < P(l-clean), P(l_noisy)
dr, WD(Pclean; Pnoisy)

(I_cleant); ;

(I-noisyy)s ;

SV X N DUNRERD

—_

distance, for scenarios where quantifying the exact differ-
ence between the distributions has greater importance than
measuring the likelihood between distributions. Addition-
ally, (Ocal, Grima, and Sanguinetti 2019) demonstrates that
Wasserstein distance is effective in capturing the horizontal
distances between distributions within the metric space, un-
like Hellinger distance.

The process of obtaining the representation distance per
sample and per layer is repeated for all samples, and for all
layers of the model. The distances for all samples and across
all layers are then averaged to obtain the final average sam-
ple distance p as follows:

ns Ny

S sl

i=1 k=1

3

where (dy,); is the distance between distributions at a given
layer k for the ith sample, n is the total number of samples
used, and n; is the number of layers in the given model.

Noise Variance Scaling (Li et al. 2020; Vargas and Su
2020) show that neural networks make incorrect predictions
even with small levels of noise in an input image. In particu-
lar, (Vargas and Su 2020) illustrates the cascading impact of
a single pixel change with large magnitude and its effect on
neighboring values of the image representation in the deeper
layers of a model.

Different noise types have different traits. In salt-pepper
and impulse noises, certain individual pixels (either few or
many) are associated with the noise. Hence, the noises affect
a specific subset of pixels in an image with a larger magni-
tude of change per pixel value (that is noised). We refer to
this type of noise as pixel-specific noise. Conversely, Gaus-
sian, Blur, Frost, and Poisson noises affect (almost) all pixels
in an image with a smaller change per pixel value. We refer
to this as global image noise.

Pixel-specific noises, are easier to adapt to since they
only affect a subset of pixels as compared to the global
image noises. However, the impact of a large magnitude
change of a subset of pixels can propagate to the surround-
ing values in the deeper layer representations. As a result
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Figure 1: Training from scratch vs. retraining of ResNet18 on CIFAR10 with Poisson noise. Retraining consumes clearly less

resources than training from scratch.

the model may overestimate the raw perturbations caused
by pixel-specific noises. To mitigate the overestimation of
pixel-specific noises, we introduce an inverse scaling factor.
The scaling factor helps reduce the value of PreIndex by
utilizing the standard deviation of raw pixel intensities be-
tween a clean and a noisy image. We obtain the standard
deviation for a specific noise type and intensity as follows:

§= \/V‘”” (Xetean(i,) = Xnoisy(i.))(1.5)€(himgwimg)) /A
C))

Here, clean image and noisy image are denoted as X jcqn
and X, 445y, respectively. nyp,g and w4 are the height and
width of the image, respectively. The resultant standard de-
viation is then scaled down by a fixed constant factor \. Var
represents the variance of a given vector.

Finally, PreIndex for quantifying distribution shifts is
formulated as,

PreIndex = (p + inv_ari) (1/(1 + (p+ (1 — ari)) xs)) —§

scaling factor
)
For pixel-specific noises, PreIndex is scaled down us-
ing the scaling factor and average deviation, 5. Average de-
viation s is the average of standard deviations across all in-
tensities for the specific noise type. It is used as an offset
when scaling down Pre Index for pixel-specific noise. For
global image noises, Pre Index is utilized without the scal-
ing factor or average deviation. In PreIndex, p, ari, and
s are obtained for each noise type with a specific intensity.
Hence, the noise intensity index is omitted for the sake of
simplicity. The values for average sample distance p and ari
for each noise type and intensity in Eq. (5) are from Eq. (1)
and Eq. (3), respectively.

Resource Indicators

Resource indicators represent the resources/cost that would
have been required if a model were trained or retrained to
a new target task or to a new distribution. We show that
PreIndex has a strong correlation with, and is an effec-
tive estimator of, the various indicators listed in this section.
Using PreIndex and based on an indicator of interest, a
user can gain knowledge regarding the resource expendi-
ture they are likely to expend if they retrain the model to
a new task or distribution. We evaluate several indicators -
epochs, gradient norm, change in parameter magnitude, en-
ergy, and carbon emissions. In particular, energy and carbon
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emissions represent immediate sustainability costs that are
likely to embody an ultimate goal to potential users.

Epochs

When a model is retrained and adapted to a new target task
or distribution, one might count the training cost/effort by
looking at how many epochs are expended. For empirical
evidence, we show how consistently Pre Index aligns with
the number of epochs, which validates that Pre Index is an
effective retraining predictive quantifier. The epochs that are
reported in this paper are obtained when a model reaches a
certain cutoff test accuracy for each dataset. Utilizing addi-
tional cutoff conditions, training is terminated after either 25
or 50 epochs if the accuracy gap from the designated cutoff
accuracy is within 0.5% or 1%, respectively.

Gradient Norm

Gradient norm represents the difficulty of learning a new
distribution and provides information regarding the likely
steepness to reach convergence. For instance, several studies
(Agarwal, D’souza, and Hooker 2022; Huang, Geng, and Li
2021; Lee and AlRegib 2020) use gradient norm as a proxy
for sample difficulty. They compute gradients using a uni-
form distribution and do not make use of ground truth label
information. For our objective, we report the gradient norm
by utilizing the ground truth label. During retraining, we ob-
tain the overall gradient norm for each instance by aggregat-
ing the gradient norm at each time step. The final gradient
norm value represents the total magnitude of gradients the
model encountered throughout the retraining process.

Parameter Change

Change in parameter value for the entire retraining pro-
cess represents the magnitude of updates a parameter un-
dergoes. That is, during the retraining process, if the model
goes through consistently high parameter changes, it indi-
cates that the model requires further updates and to learn the
new distribution.

Hence, it is useful to use PreIndex to estimate a
model’s parameter change when a model is reused for a new
distribution.

We obtain the change in parameter magnitudes similar to
what was done in (Zhang, Bengio, and Singer 2022). How-
ever, unlike (Zhang, Bengio, and Singer 2022) that calculate



GradNorm

Param. change

0.66 (4.2¢-08)
0.93 (1.1e-24)

0.63 (4.7¢-07)
0.93 (1.3e-25)

0.73 (1.7e-10)
0.91 (5.1e-22)

0.67 (2.2¢-08)
0.92 (5.1e-24)

0.57 (4.9e-06)
0.67 (2.4e-08)

0.55 (1.3e-05)
0.67 (2.0e-08)

0.73 (2.5¢-10)
0.81 (4.9¢-14)

0.72 (7.4e-10)
0.83 (7.7e-15)

Model Correlation Epochs
Pearson 0.72 (4.2e-10)
ResNetl8 Spearman 0.93 (3.1e-25)
Pearson 0.77 (8.0e-12)
GoogleNet Spearman 0.92 (2.8¢-23)
Pearson 0.61 (8.5e-07)
VGGI6 Spearman 0.68 (1.4¢-08)
. Pearson 0.76 (1.9¢e-11)
MobileNetv2 Spearman 0.81 (4.4e-14)
ViT Pearson 0.75 (5.0e-11)
Spearman 0.81 (5.9¢e-14)

0.74 (1.5¢-10)
0.82 (1.3e-14)

0.74 (1.4e-10)
0.81 (4.3e-14)

Table 2: Correlation coefficients (and associated p-value) for multiple models retrained to CIFAR10 against distribution shifts.
Results for more datasets and architectures are presented in the Appendix

changes between parameters’ current and initial values (be-
fore model updates), we aggregate the change in parameter
values between two consecutive time steps. For layer [’s pa-
rameters, at time step ¢, Normalized Euclidean distance F ;
between present parameter values and parameter values in
the previous time step is represented as

Eie =W = Wie—illy /V W] (6)

where ¢ (> 1) is the current retraining time step and
t — 1 is the previous retraining time step. Distance between
current parameter values W, ; and previous parameter val-
ues W; ;1 is calculated for each layer [, which are then
summed and averaged by the number of layers. The normal-
ized Euclidean distance of parameter changes is aggregated
throughout the entire retraining process to obtain the final
cumulative parameter changes the model undergoes.

Energy and Carbon Emission

Energy and carbon emissions provide direct real-world sus-
tainability costs associated with training and/or retraining
a model. In accordance with (Henderson et al. 2020), re-
porting carbon emissions is an important sustainability fac-
tor when developing models. We use CodeCarbon (Schmidt
et al. 2021), a Python package, to track the energy consump-
tion and estimate the carbon emissions of a model during
retraining. The library uses geographic location information
of the energy generated to calculate the estimated weight
of carbon emissions. The package not only tracks energy
consumption from the GPU while training models, but also
tracks the energy consumption of the CPU and RAM that is
expended by neural network training. The carbon emissions
are calculated based on the energy generation technique of
the region, such as coal, petroleum, solar, wind etc.

Experiments

In this section, we evaluate PreIndex on three datasets
— CIFARI10 (Krizhevsky, Hinton et al. 2009), CIFAR100
(Krizhevsky, Hinton et al. 2009), and TinyImageNet (Le and
Yang 2015). We employ 6 noise types - Gaussian, Pois-
son/Shot, Blur, Frost, Salt-Pepper, and Impulse. Gaussian
and Poisson/Shot are statistical noises that may arise due
to errors during data capture. Blur and Frost are real-world
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Figure 2: PreIndex vs. resource indicators on ResNet and
ViT. Results of more architectures are presented in the Ap-
pendix.

noises due to environmental factors. Salt-Pepper and Im-
pulse noise might occur due to artifacts or hardware issues
while capturing an image. For each noise type, 9 noise inten-
sities are generated, where the lowest level 1 is comparable
to the least amount of noise and the highest level 9 is com-
parable to severity 4 in (Hendrycks and Dietterich 2019).

To reuse a pre-existing model, we train a randomly initial-



Blur ©Frost ©Gauss ©Shot ®Impulse @Salt-Pepper
ResNet18 GoogleNet MobileNetv2 VGGl16
100 120 200 200 +
80 100
:3 o 80 150 150 J
U% %0 * jz 100 100 i..s. ¥+
e p s
* PPN sae ¥ ’ 2 . ..pfif"”f ’ ” R q{.«iﬁd4 #* SZ . o5t
o 0.8 1.0 1.2 1.4 1.6 %.9 1.0 1.1 1.2 1.3 1.4 1.5 p .8 1.0 1.2 1.4 1.6 1200 1.1 1.2 1.3 1.4
500 800 1000
é 0 400 600 800 J
=]
Z. 200 300 600
"é . + 200 00 400 i‘#; : *
&) ! '] 200 b é by
o . iy sl C&* 102 . _’.Pftirf * o e b0 *01?+§H+ +'} 202 T [0
0.8 1.0 1.2 1.4 1.6 0.9 1.0 11 1.2 13 1.4 1.5 .8 1.0 1.2 1.4 1.6 11 1.2 1.3 1.4
%’ : :
g 3 6
< 6
§ 2 ? . 1 , , “.{ ; ¢
&, il bl . A Y . o Bakaatife s , ol el
0.8 1.0 1.2 1.4 1.6 0.9 1.0 11 1.2 13 1.4 15 .8 1.0 1.2 1.4 1.6 11 1.2 13 1.4
0.15 0.8 0.8
= o3 ; ‘ !
E o0 ‘ ‘ 0.6 0.6 +
; 02 0.4 0.4 ;’ ¢
20,05 *{. i ! :
Q- »ee 0.1 0.2 0.2 + 47
s R '..n’" .rgff'" s L * sapt
0.00 e 0.0 —— 0.0 o/ % 0.0 .
0.8 1.0 1.2 1.4 1.6 0.9 1.0 1.1 1.2 13 1.4 15 .8 1.0 1.2 1.4 1.6 1.1 1.2 13 1.4
0.06 0.30 0.30
oo o o o |
Zoo4 - . 0.20 0.20
S 0.03 0.075 0.15 0.15 :’ +
"g 0.02 #{. . 0.050 0.10 0.10 of:' $
Voot "’,6. L 0.025 r,:‘f,é . 0.05 P e R 0.05 s
0.00) et | & 0.000 i s 0.00 ofa 0™ 0.00 e |
0.8 1.0 1.2 1.4 1.6 0.9 1.0 1.1 1.2 13 1.4 1.5 .8 1.0 1.2 1.4 1.6 1.1 1.2 13 1.4
Prelndex Prelndex Prelndex Prelndex
Figure 3: Prelndex vs resource indicators for various models retrained to CIFAR10 with distribution shift
Model Correlation Epochs GradNorm Param. change
ResNet]8 Pearson 0.64 (1.5e-07) 0.62 (6.6e-07) 0.57 (6.0e-06)
Spearman 0.93 (2.4e-24) 0.93 (7.6e-24) 0.93 (3.5e-24)
GooaleNet Pearson 0.66 (6.8e-08) 0.63 (3.5e-07) 0.57 (7.0e-06)

g Spearman 0.92 (2.1e-23) 0.92 (3.1e-23) 0.92 (2.1e-23)

. Pearson 0.75 (8.3e-11) 0.73 (5.1e-10) 0.70 (5.0e-09)
MobileNetv2 Spearman 0.93 (1.3¢-24) 0.93 (3.0e-24) 0.93 (5.9¢-25)
VGGI6 Pearson 0.67 (3.0e-08) 0.68 (1.1e-08) 0.55 (1.7e-05)

Spearman 0.81 (1.2e-13) 0.82 (3.1e-14) 0.76 (1.6e-11)

Table 3: Correlation coefficients (and p-values) for multiple models retrained to CIFAR100 with distribution shift

ized model on the original data distribution until it reaches
the minimum required accuracy for each dataset. All exper-
iment results are an average of three runs. When training (or
retraining) to higher noise levels, specific hyper-parameter
tuning for each individual experiment may result in rela-
tively fewer epochs to converge. However, this approach can
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impede comparison with other noise types and noise levels.
For uniformity and fair comparison among all noise types
and intensities, identical hyper-parameters are used.

Fig. 1 displays the various resource indicators for
ResNet18 trained from scratch and retrained on CIFAR10
with different intensities of Poisson noise. It is evident that
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Figure 4: Prelndex vs resource indicators for various models retrained to CIFAR100 with distribution shift

retraining a model requires considerably fewer resources
compared to training a new model from scratch. All the
retraining indicator values for retraining are significantly
lower than training from scratch.

To evaluate PreIndex for distribution shifts, we use
Convolutional neural networks and Vision Transformers.
For CNNs, we explore different model architectures -
ResNets, VGG, GoogLeNet, and MobileNetv2. For Vision
Transformer, we utilize a ViT model with a patch size of 4,
8 transformer blocks, a latent vector size of 512, 8 attention
heads, and MLP with a hidden layer size of 1024.

Fig. 2 illustrates the correlation between PreIndex and
all the resource indicators. In the figure, ViT and ResNet34
are retrained with distribution shifts to CIFAR10 and Tiny-
ImageNet, respectively. It is evident that across the hetero-
geneous architectures, on various datasets, PreIndex has
a strong correlation and aligns with all resource indicators
for various types of distribution shifts.

Fig. 3 displays the correlation between PreIndex and
all resource indicators when retraining convolutional net-
works to various distribution shifts on CIFAR10 dataset.
Table 2 provides the Pearson correlation coefficients and
Spearman correlation coefficients, with the associated p-
values, between PreIndex and the resource indicators
when retraining to CIFAR10 datasets with distribution
shift. The figures and the correlation table validate that
PreIndex has a strong correlation with the resource in-
dicators, and that it is an effective estimator of retraining
resources across various model architectures and types of
distribution shifts with multiple intensities.

Fig. 4 and Table 3 provides the trend and correla-
tion metrics between PreIndex and the resource indica-
tors, respectively. With regard to all resource indicators,
PreIndex has an increasing monotonic relation noticeable
from the graphs and displays a strong positive correlation
evident from the correlation coefficients. Additionally, with
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Figure 5: Prelndex vs resource indicators for GoogleNet retrained to TinylmageNet with distribution shift

Model Correlation Epochs GradNorm Param. change
ResNet34 Pearson 0.73 (1.7e-10) 0.73 (1.8e-10) 0.74 (7.7e-11)
Spearman 0.62 (4.5e-07) 0.62 (3.8e-07) 0.68 (1.2e-08)

GooaleNet Pearson 0.70 (2.3e-09) 0.69 (5.5e-09) 0.63 (1.9e-07)
& Spearman 0.83 (3.8e-15) 0.83 (5.4e-15) 0.83 (5.1e-15)

Table 4: Correlation coefficients (and p-values) for ResNet34 and GoogleNet retrained to TinyImageNet with distribution shift

ResNet18, GoogleNet is evaluated on the TinylmageNet.
Fig. 5 and Table 4 illustrate the relation between PreIndex
and the resource indicators for GoogleNet retrained on dis-
tribution shifted TinylmageNet.

Conclusion

We introduced a novel metric to estimate the various re-
sources that would be expended when reusing a model
by adapting to distributional shifts. We validate the effec-
tiveness of PreIndex on Convolutional and Transformer
based networks. We show that reusing a model by retrain-
ing requires significantly fewer resources than training a
new model. The effectiveness of PreIndex for estimat-
ing environmental costs such as energy consumption and
carbon emissions, as well as other resource indicators such
as epochs, gradient norm, and model parameter change is
empirically validated. All the results consistently verify that
PreIndex is an effective estimator and has strong corre-
lation metrics with all resource indicators. PreIndex is
shown to be model agnostic, applicable to various datasets
and effective for various types and levels of distribution
shift, thus enabling sustainable decision making with regard
to model reusability.
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