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Abstract

The ability to understand deep learning models by analyzing their weights is key to
advancing the growing field of model interpretability. In this article, we study in-
formation about the training data of convolutional neural network (CNN) models
that can be gleaned from analyzing just the first of their learned filters. While gra-
dient updates to the model weights during training become increasingly complex
in the deeper layers of typical CNNs, the updates to the initial layer can be simple
enough that high-level dataset properties such as image sharpness, noisiness, and
color distribution are prominently featured. We give a simple mathematical jus-
tification for this and demonstrate how training dataset properties appear in this
way for several standard CNNs on a number of datasets.

1 Introduction

The success of deep learning has resulted in the generation of enormous amounts of neural network
weights for models trained to perform almost every conceivable task. It is becoming increasingly
important to be able to understand weights as a data type in their own right (1). Enhancing our
ability to analyze and understand the model weights is key to advancing interpretability research
(21) (22) (23) and addressing the increasing safety and privacy considerations of frontier AI models
trained on more data than can be manually vetted by humans (17).

We are interested in a scenario that we refer to as having “static” access to a model: we assume we
only have read access to the model weights and do not necessarily have the ability to do forward
passes or backpropagate gradients through the model. The latter abilities, which we refer to as
having “dynamic” access to a model, enable techniques such as model inversion (5), but require
having model implementation code and a sufficient compute environment. In this work we focus
purely on the static access scenario, motivated by the goal of developing weight analysis techniques
that can help (1) reduce the compute cost of model interpretability studies, and (2) limit the risk
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of inadvertently generating unsafe or illegal content when studying models that may have been
trained on harmful datasets (18). This work is a first step towards developing these capabilities
by understanding the mathematical fingerprints left by properties of the training data on the model
weights.

The specific question we tackle in this article is that of what properties of the training data of con-
volutional neural network (CNN) models for image processing can be readily deduced from the
weights. For this initial exploration, we consider benign, global properties of the dataset such as
image quality measures including sharpness, noisiness, and the image color distribution.

Our main result is an observation that properties of the training images for CNNs are prominently
featured in the first filters of the models due to the simplicity of the gradient updates for those weights
when a standard learning algorithm is used. This applies to both training CNNs from scratch and
from pretrained weights when no weights are frozen. We provide examples of this observation
in practice using several popular CNNs such as members of the ResNet (6), MobileNet (7), and
ConvNeXt (8) architecture families, and on a number of image datasets with varying properties.

The article is organized as follows: Section 2 illustrates our main observation by examining a simpli-
fied scenario. Section 3 introduces the image quality metrics and metrics on convolutional filters we
employ in our analysis, and Section 4 provides details for the datasets and models we consider for
our empirical results. Finally 5 demonstrates image quality properties we can observe in practice.

2 Mathematical Intuition

The key observation of this paper is summarized by the following argument. Let A be an n × n
convolutional filter,

A =

a1,1 . . . a1,n
...

. . .
...

an,1 . . . an,n


Consider the operation of this filter on an image B of the same n× n height and width,

B =

b1,1 . . . b1,n
...

. . .
...

bn,1 . . . bn,n


A ·B =

n∑
i=1

n∑
j=1

ai,jbi,j .

Suppose we have a differentiable function g : R → R, and let
h(a1,1, . . . , an,n, b1,1, . . . , bn,n) = A ·B

Then by the chain rule we have
d

dai,j
(g ◦ h)(a1,1, . . . , an,n, b1,1, . . . , bn,n) = bi,jg

′(A ·B)

If g is thought to represent a loss function such as when training a neural network, then the gradient
update to A coming from this loss would be of the form

−αg′(A ·B)

b1,1 . . . b1,n
...

. . .
...

bn,1 . . . bn,n


where here α represents the learning rate.

That is, the gradient update to A is just a scalar multiple of B. In this way, spatial relationships
between the “pixels” of B are directly transferred to the weights of A.

This has several implications:
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• At one extreme, if B were a scalar matrix (all values the same), then the gradient update of
the weights of A would be identical.

• If one applied a Gaussian blur kernel to the image, the gradient update to A would be
similarly blurred.

• Additive noise added to the original image also directly transfers.
• In the scenario where a CNN were trained on grayscale images, despite having a 3-channel

input, the gradient updates to the filters would be desaturated.

See Figure 1 for a simple visualization with a toy CNN composed of a single convolutional layer
with 64 3×7×7 filters (modeled after the first layer of a ResNet) showing some of these observations
in action. In each row, the “model” was trained on a dataset of random images of the described form,
and g was taken to be the normed difference between the output of the layer and the ones tensor of
the same shape. Subtracting the starting, randomly initialized convolutional filter weights from the
final “learned” weights yields the cumulative gradient update to each filter, which visually reflects
properties such as smoothness of the training images.

Figure 1: Row 1 is a grayscale Gaussian noise dataset, Rows 2 and 3 are RGB noise with Gaussian
blur, and Row 4 was a dataset of random solid color images.

This illustration represents an oversimplified scenario to help reduce the complexity of the argument;
the situation becomes more intricate when B is allowed to be much larger than the filter (as is the
usual case), the gradient update is accumulated over many training samples, and a multivariate loss
function is used. Despite these extra theoretical complexities, we show that in practice the same
basic observations still appear to hold for standard CNN architectures and datasets in Section 5.

3 Predicting Training Image Properties from the Weights

We seek to empirically measure the effects of the observation from Section 2. To do this, we first
need to train a collection of models on a diverse array of datasets encapsulating wide ranges of
the properties we study. The datasets we use and their variations are defined in Section 4. We
quantitatively measure properties of the images making up those datasets such as sharpness and
noisiness, and then try to predict the values of those metrics from the weights of the models trained
on those datasets.
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In this Section, we define both the metrics on images that we seek to predict, see Section 3.1, as well
as a set of eight metrics defined for the first layer filters of a CNN, see Section 3.2.

We use the filter metrics to encode and reduce down each model we consider into just an 8-dimension
vector. These vectors are then fed into a “meta model” (a model trained on other models) such as a
random forest regressor to predict the image properties. Our experimental setup and results for this
are explained in detail in Section 5.

3.1 Image Properties and Metrics

We try to predict from model weights three properties of the training images: sharpness, noisiness,
and relative object scale. The first two are standard image quality properties for which a multitude
of measures exist.

Sharpness A number of metrics exist for no-reference sharpness evaluation (12). We
choose to measure the sharpness of a color image via the Laplacian operator. We convolve
an image with the kernel [

0 1 0
1 −4 1
0 1 0

]
and then take the variance of the result as a rough estimate of the image sharpness. In
Section 4 we create datasets of varying sharpness by applying different levels of Gaussian
and resize blur.

Noisiness We estimate image noisiness with a wavelet-based Gaussian variance estimator
implemented in the scikit-image Python package (14) (13). In Section 4 we create datasets
of varying noisiness by adding different intensities of Gaussian noise.

Relative object scale The right notion of object scale is subtle and difficult to define a com-
putable measure for given an image dataset without spatial annotations such as bounding
boxes. In Section 4 we generate synthetic datasets where we have full control over object
scale to address this issue. We then attempt to predict the dataset scale factor.

3.2 CNN Filter Metrics

Given that the choice of initial filter kernel sizes can vary between CNN architectures, we seek to
featurize the filters via a selection of metrics that encode various properties such as the smoothness,
color, structures, and noisiness of the filters. This provides a universal encoding of a fixed dimension
that we can then use to train a model to predict training image properties from filter weights. In this
subsection, we define 8 metrics on the first layer convolutional filters of a CNN. Here we assume
that this first layer has filters of shape 3× n× n, designed to process RGB input imagery.

Let F be an ordered sequence of N 3× n× n filters, F = (f1, . . . , fN ). We use the notation fi[j]
to mean the jth color channel of the filter fi, when thought of as an RGB image. We define the
following metrics on F .

Channel saturation Let f ′
i denote the min/max normalization of fi. Let S =

∑N
i=1 |fi|.

Then

channel saturation(F ) =

N∑
i=1

|f ′
i ||f ′

i [0]− f ′
i [1]||f ′

i [1]− f ′
i [2]|

2Sn2

Convex hull volume We compute the volume of the convex hull in R3 spanned by the 3×1
vectors that make up the N filters f1, . . . , fn. The filters are normalized with respect to the
minimum and maximum of the filter bank F .

Distance to Gaussian blur We convolve each filter with the Gaussian blur kernel

C =

 1
16

1
8

1
16

1
8

1
4

1
8

1
16

1
8

1
16


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and take the ℓ2 norm difference with the original filter. That is

dist to gaussian(F ) =
1

S

N∑
i=1

|fi|
∣∣∣∣ fi|fi|

− C ⋆ fi
|C ⋆ fi|

∣∣∣∣ ,
where ⋆ denotes matrix convolution.
Filter variance This is simply the weighted average of the variance of each filter by the
filter norm. That is,

filter variance(F ) =
1

S

N∑
i=1

|fi|Var(fi)

Spatial roughness This metric captures the distances between each spatial vector in the
filter and its 8 spatial neighbors (when not on the edge of the filter). Let f (a,b)

i denote the
3× 1 vector at the spatial position a, b of filter fi. Let gi = fi

|fi| . Define

filter roughness(fi) =
|fi|
8

n−1∑
j=2

n−1∑
k=2

1∑
a=−1

1∑
b=−1

|g(j+a,k+b)
i − g

(j,k)
i |.

Then

filter roughness(F ) =
1

S

N∑
i=1

filter roughness(fi).

Bregman distance This is defined to be

1

S

N∑
i=1

|fi|
∣∣∣∣ fi|fi|

− B(fi)

|B(fi)|

∣∣∣∣ ,
where B represents total variation denoising using split-Bregman optimization (15), as
implemented in scikit-image (14)
Variance of the Laplacian Treats the filter as a small image, using the definition in the
preceding subsection used to estimate image sharpness. The final metric is the sum of
these weighted by the filter norms.
Wavelet approximation of the Gaussian noise variance Uses the estimator of (13) from
the previous subsection that approximates the noisiness of the filters as images. Final metric
is the sum of these weighted by the filter norms.

4 Datasets and Models

Our study requires a large collection of models and associated image property metrics we can then
attempt to predict from the weights. We trained several thousand models across a diverse set of
datasets where we had fine-grained control over image sharpness, noisiness, and object scale. Sec-
tion 4.1 describes the datasets considered while Section 4.2 provides the different model architec-
tures we worked with.

4.1 Datasets

We use three image datasets for our empirical analysis: ImageNette (2), WHOI-Plankton (4), and
a collection of variants on a 3D shape classification dataset we generated with Blender (3) that we
refer to as BlenderShapes. Brief descriptions of each base dataset are as follows:

ImageNette is a subset of the ImageNet dataset using only 10 of the classes, and consists
of 10k training images and 1k testing images. These are natural RGB images, primarily
taken with handheld cameras.
WHOI-Plankton is a dataset of millions of grayscale images of microscopic plankton. We
downsample this dataset to 20 classes and the same number of training and testing images
as ImageNette.
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BlenderShapes is a dataset of synthetic 400×400 images each featuring a single 3D shape
from one of 6 classes: sphere, cube, triangular prism, cylinder, cone, and torus. The tex-
tures, lighting, object orientation, and background plane are all randomized. There are 6k
training images, and 600 testing images, balanced evenly across the classes. Our goal in
creating this dataset was to study the question of whether another dataset property, object
scale, can be deduced from CNN model weights. We made five versions of this dataset,
each featuring its objects at a different scale relative to the camera. Figure 2 shows some ex-
amples. By creating the BlenderShapes dataset, we were able to ensure the sharpness met-
rics for the different sizes remain similar, while object scale changes as desired. This was to
avoid the issue of conflating sharpness with object scale when upsampling/downsampling
ImageNette or WHOI-Plankton (as, for example, upsampling with bilinear interpolation
reduces image sharpness).

For each dataset, we trained models on a number of image quality variations of that dataset. Specifi-
cally, we varied the sharpness by applying a Gaussian blur and resizing, and the noisiness by adding
Gaussian noise. All images in the original datasets were normalized to 224 × 224 resolution. For
each core dataset (ImageNette, WHOI-Plankton, BlenderShapes), we made a total of 20 variations.
The specifics are given below:

• The original dataset, unperturbed

• 5 size dilations of the datasets, at 1.25, 1.5, 2.0, 2.5, 3.0 times the native resolution

• 4 versions of the dataset where the images were first scaled to 0.1, 0.25, 0.5, 0.75 resolution,
then scaled back up to 224× 224 resolution

• 5 Gaussian blurred versions of the datasets, with kernels 3, 7, 11, 15, 19 and σ =
1, 2, 3, 4, 5, respectively

• 5 versions of the dataset with Gaussian noise added, with σ = 0.1, 0.25, 0.5, 0.75, 1.0

Figure 2: Left: Random images selected from the BlenderShapes datasets. Each selection comes
from one of the different scale variations of the dataset. Right: Examples of the sharpness and
noisiness variations of the ImageNette dataset used in our experiments.

4.2 Models

We used several standard CNN architectures: ResNet-18 and ResNet-50 (6), MobileNetv3-Large
(7), and ConvNeXt-Tiny (8). We use the PyTorch (19) and timm (20) libraries for the model im-
plementations, and source their pretrained weights from the associated repositories. We trained all
models on an NVIDIA Tesla P100 GPU. With regards to CNN filters, both ResNet architectures
open with a convolutional layer consisting of 64 3 × 7 × 7 filters. MobileNetv3-Large opens with
16 3× 3× 3 filters, and ConvNeXt-Tiny with 96 3× 4× 4 filters.
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Table 1: Property prediction results

Experiment Training samples Testing samples Test R2 score

R50 to R18, sharpness 3402 3280 0.922± 0.004
R50 to R18, noisiness 3402 3280 0.614± 0.01
R50 to R18, object scale 900 900 0.373± 0.004
Three to CNeXt, sharpness 10084 662 0.749± 0.027
Three to CNeXt, noisiness 10084 662 −0.082± 0.115

5 Experimental results

5.1 Experiment Setup

For each image property, we trained a random forest “meta model” on the vectors of filter metrics
for the first layers of a number of trained CNNs belonging to the architecture varieties discussed in
Section 4. We argue that success of the meta models in predicting image quality properties from the
featurized filter weights is evidence for the prominence of this information in the first layer filters of
these CNNs.

We use ImageNet-1k pretrained weights for each architecture and did not freeze any weights. Each
experiment used either the Adam optimizer with a learning rate of 1e-4 or SGD with a Cosine An-
nealing learning rate scheduler, starting with an initial learning rate of 1e-1. Models were trained
for 30, 20, or 25 epochs for ImageNette, WHOI-Plankton, and BlenderShapes, respectively. Check-
points were saved every 5 epochs and we performed three trials of each training run. Dataset sharp-
ness and noisiness were calculated as the averages of 2, 000 random samples from each dataset.

The essential signal we are trying to isolate is the gradient update that has been applied to the filters,
rather than the values of the learned filters themselves. We assume in this article that we have access
to the pretrained weights for a given architecture, which we take as a reasonable access assumption
given the prevalence of the practice of pulling such weights from open source repositories.

To compute the filter metrics, we take the difference between the learned filters and the pretrained
filters before applying the metrics. Figure 3 shows a visualization of what this looks like for a
ResNet-50. Note how the observations of Section 2 appear to hold despite using a standard CNN
architecture, dataset, and optimization method. Our random forest models each consisted of 30
decision tree regressors that could leverage all 8 filter metric features. We used the scikit-learn
library (16) for all random forest training and evaluation.

5.2 Results

We find that the average image sharpness and image noisiness, as measured by the metrics of Section
3, are detectable from the vectors of filter metrics of the first layer weights of CNNs. Our results are
summarized in Table 1.

There “R50 to R18” means that the random forest was trained on a set of ResNet-50s, and tested on
a set of ResNet-18s. “Three to CNeXt” means that the random forest was trained on ResNet-18s,
ResNet-50s, and MobileNetv3-Large and tested on a set of ConvNeXt-Tiny. We performed five
training runs for each random forest, from which we derived the mean and error bars of our test
results table. See Figure 4 for corresponding representative performance plots.

We found success in predicting sharpness from the first layer filters even when subject to a large
distribution shift such as training the meta model on the ResNet and MobileNet architectures and
testing on ConvNeXt. That said, predicting the noisiness of the training data appears more chal-
lenging, potentially indicating that our choice of filter metrics could be improved. We had partial
success predicting object scale from the first filter weights; there is a correlation, but it appears to be
a weaker signal than sharpness or noisiness under the same conditions.
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Figure 3: Shows the 64 filters of an ImageNet-1k pretrained ResNet-50 before and after training,
and the resulting weight difference.

Figure 4: Random forest meta model test set performance for the different first layer filter datasets.
The ground truth values for sharpness, noisiness, and object scale across all relevant test datasets are
plotted in ascending order (green lines). The meta model predictions given the model weights for
those datasets are plotted in blue.
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6 Conclusion

In this work, we showed that the gradient updates for the first layer of a CNN are directly tied to
the input image pixels. By featurizing the difference between the learned and initial filters of these
layers using a number of metrics, we were able to successfully train random forest meta models
capable of estimating image quality properties of the CNN training data. We claim that this supports
the hypothesis that high-level information about the training dataset such as these image quality
properties is prominent in the first layer weights. We hypothesize that, with improvements to the
metrics used, this ability to predict training data properties could be further enhanced.

For the initial explorations, we made the assumption that the pretrained weights are known allowing
us to compute filter differences. Alternatively, one could also take the difference between consecu-
tive saved checkpoints of a model as a way of getting at these gradient update differences. Finally,
while CNNs were the focus of this work, vision transformers are becoming increasingly prevalent in
the vision space, sometimes attaining equal or better performance than their CNN counterparts (10).
We also hypothesize that the methods of this article could apply to vision transformers with initial
convolutions such as ViT (11) and SWIN (9).
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