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Abstract

[This is a draft manuscript and has not yet under-
gone full co-author review.] Distilling large neural
networks into simple, human-readable symbolic
formulas is a promising path toward trustworthy
and interpretable Al. However, this process is
often brittle, as the complex functions learned
by standard networks are poor targets for sym-
bolic discovery, resulting in low-fidelity student
models. In this work, we propose a novel train-
ing paradigm to address this challenge. Instead
of passively distilling a pre-trained network, we
introduce a Jacobian-based regularizer that ac-
tively encourages the “teacher” network to learn
functions that are not only accurate but also inher-
ently smoother and more amenable to distillation.
We demonstrate through extensive experiments
on a suite of real-world regression benchmarks
that our method is highly effective. By optimizing
the regularization strength for each problem, we
improve the R? score of the final distilled sym-
bolic model by an average of 120% (relative)
compared to the standard distillation pipeline, all
while maintaining the teacher’s predictive accu-
racy. Our work presents a practical and principled
method for significantly improving the fidelity
of interpretable models extracted from complex
neural networks.

Note: This is a draft manuscript and has not yet undergone
full co-author review.

1. Introduction

The remarkable success of deep learning has revolutionized
fields from computer vision to natural language process-
ing (LeCun et al., 2015). These models, particularly deep
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neural networks (ANNS), have achieved state-of-the-art per-
formance on a vast array of predictive tasks. However, this
performance often comes at the cost of transparency. ANNs
operate as “black boxes,” with their immense number of pa-
rameters forming complex, non-linear relationships that are
opaque to human understanding (Guidotti et al., 2018). This
lack of interpretability poses a significant barrier to their
adoption in high-stakes domains such as scientific discov-
ery (Udrescu & Tegmark, 2020), medical diagnostics (Topol,
2019), and financial modeling, where the ability to trust, de-
bug, and understand a model’s reasoning is as critical as its
predictive accuracy.

To bridge this gap, the field of eXplainable Al (XAI) has
explored various methods to shed light on these models. One
promising paradigm is knowledge distillation (Hinton et al.,
2015), where a large, complex “teacher” model transfers its
knowledge to a smaller, simpler “student” model. While
often used for model compression, this framework also
provides a powerful pathway to interpretability by selecting
a student model that is inherently transparent, a concept
explored in early work on extracting decision trees from
networks (Craven & Shavlik, 1996).

Among possible student models, those produced by Sym-
bolic Regression (SR) are particularly compelling. Unlike
other models that provide post-hoc explanations, SR aims
to discover the underlying mathematical formula that maps
inputs to outputs (Koza, 1992). The result is not an expla-
nation, but the model itself—a fully transparent, human-
readable equation. A naive two-stage pipeline for achiev-
ing this is straightforward: first, train a high-performance
teacher ANN on a dataset, and second, train an SR model
to mimic the predictions of this teacher.

However, the promise of this naive pipeline is seldom re-
alized in practice. In our initial analysis, we find that this
approach is brittle and struggles significantly when applied
to real-world data. The complex, often chaotic functions
learned by standard ANNs are poor targets for SR, result-
ing in low-fidelity symbolic models whose performance is
not competitive with other machine learning baselines (as
shown in Section 4). This suggests a fundamental problem:
the teacher network, while accurate, is a poor instructor.
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Instead of passively accepting the teacher’s limitations, we
ask: can we train the teacher to be more effective at teach-
ing? In this work, we introduce a novel training method-
ology that actively encourages an ANN to learn functions
that are not only accurate but also inherently more amenable
to symbolic distillation. Our core contribution is a new
Jacobian-based regularization term added to the ANN’s
loss function. By penalizing the norm of the network’s
Jacobian, we incentivize the model to learn functionally
smoother mappings that are easier for SR algorithms to
discover and represent.

Our main contributions are as follows:

* We conduct a comprehensive analysis identifying the
brittleness of the naive ANN-to-SR distillation pipeline
on real-world benchmark datasets.

* We propose a novel, principled regularization method
based on the Jacobian norm to explicitly improve the
distillability of neural networks.

* We demonstrate through extensive experiments that
our method dramatically improves the performance of
the final symbolic student model—by an average of
120% in R? score—often with minimal impact on the
teacher’s own predictive accuracy.

* We provide an analysis of our method’s characteristics,
including the dataset-dependent nature of the optimal
regularization strength, offering a path forward for
developing more robust and interpretable Al systems.

2. Related Work

Our research is situated at the intersection of several key ar-
eas in machine learning: knowledge distillation, explainable
Al symbolic regression, and network regularization.

2.1. Knowledge Distillation

First popularized by Hinton et al. (Hinton et al., 2015),
knowledge distillation is a technique where a compact “stu-
dent” model is trained to reproduce the behavior of a larger,
pre-trained “teacher” network. The original motivation was
primarily model compression, enabling the deployment of
powerful models on resource-constrained devices. However,
the paradigm is more general and has been adapted for tasks
such as transferring knowledge across different data modali-
ties and for semi-supervised learning. Our work reframes
distillation’s purpose, using it not for compression, but as a
mechanism to transfer knowledge from a high-performance
but opaque model to one that is inherently interpretable.

2.2. Explainable AI (XAI) and Interpretable Models

The challenge of understanding black box models has
given rise to the field of XAI. Current approaches can be
broadly categorized. Post-hoc explanation methods, such as
LIME (Ribeiro et al., 2016) and SHAP (Lundberg & Lee,
2017), aim to explain individual predictions of a pre-trained
model without altering it. While powerful, these methods
provide local explanations and do not reveal the model’s
global logic. In contrast, inherently interpretable models
are transparent by design. This category includes linear
models, decision trees, and Generalized Additive Models
(GAMs). Our work aligns with the goal of creating inher-
ently interpretable models. However, instead of training a
simple model directly on the data (which may yield subopti-
mal performance), we aim to extract a simple model from a
high-performance complex teacher, seeking to combine the
predictive power of deep learning with the transparency of
symbolic equations.

2.3. Symbolic Regression

At the core of our student model is Symbolic Regression
(SR), a machine learning technique that searches the space
of mathematical expressions to find the function that best
fits a given dataset. Typically implemented using Genetic
Programming (GP) as pioneered by Koza (Koza, 1992), SR
has been a powerful tool for automated scientific discovery,
rediscovering physical laws from experimental data. While
SR is traditionally applied directly to data, we re-purpose it
as the “student” in our distillation pipeline, tasking it with a
novel goal: to discover the mathematical function implicitly
learned by a neural network.

2.4. Regularization in Deep Learning

Regularization is a cornerstone of training deep neu-
ral networks. Techniques such as L1/L.2 weight decay,
Dropout (Srivastava et al., 2014), and Batch Normalization
are primarily designed to prevent overfitting and improve
the generalization performance of the model by constraining
its parameter space. Our proposed Jacobian regularization
is fundamentally different in its objective. Its purpose is not
to improve the teacher’s predictive accuracy, but rather to
control the functional complexity of the learned solution. By
penalizing the sensitivity of the output with respect to the
input, we are regularizing the function itself to be smoother,
a property that we hypothesize makes it more amenable to
discovery by other methods like Symbolic Regression.

3. Methodology

In this section, we formally define the two-stage ANN-to-
Symbolic-Regression pipeline and then introduce our novel
regularization method designed to improve the distillability
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of the teacher network.

3.1. The ANN-to-SR Distillation Pipeline

Our approach builds upon a standard two-stage pipeline for
distilling a trained neural network into a symbolic formula.

Stage 1: Training the Teacher Network. Given a dataset
D = {(wi,y:)}XN,, where 2; € R? are the input features
and y; € R are the target values, we first train a teacher
model. The teacher is a deep neural network, fann(+;6),
with parameters 6. The network is trained to minimize the
standard Mean Squared Error (MSE) loss with respect to
the ground-truth data:

N
1 2

Lyse(0) = ~ Zl(yz — fann(i;0)) )]

The optimization process yields the trained teacher network,

fAnn» Which acts as a high-performance, but opaque, oracle.

Stage 2: Distilling the Student Model. Next, we train a
student model, a symbolic function fsg(-), to mimic the
teacher. To do this, we generate a new “distillation” dataset,
D' = {(z4,9;)},, where the input features are the same,
but the target values are now the predictions from the trained
teacher network: §; = fiyn(2i)-

The Symbolic Regression (SR) algorithm, typically imple-
mented with Genetic Programming, then searches the space
of mathematical expressions, F, to find the function fsg
that best approximates the behavior of the teacher network
on this new dataset. The objective for the SR algorithm is
to minimize the fitting error to the teacher’s predictions:

N
for = arg min ;(y — (@)’ @

The final output, fsg, is an interpretable mathematical for-
mula that captures the knowledge of the teacher network.

3.2. Jacobian Regularization for Distillability

The primary limitation of the pipeline described above is
that the learned function fi{yy can be unnecessarily com-
plex and non-smooth, making it a difficult target for SR to
approximate. To address this, we introduce a novel regular-
ization term to the teacher’s training objective.

The Jacobian matrix of the network’s output with respect
to its input, denoted J, f(x;0), is the matrix of all first-
order partial derivatives. Intuitively, its norm measures
the local sensitivity of the function—how much the output
changes for small changes in the input. We hypothesize
that by penalizing this sensitivity, we can encourage the
network to learn smoother functions that are more amenable
to symbolic discovery.

We propose the following regularized loss function:

Liow(0) = Luse(0) + X Egop, [ Jf(@:0)3]  3)

Here, || - ||% is the squared Frobenius norm of the Jacobian
matrix, and A is a hyperparameter that controls the strength
of the regularization. The first term ensures the model re-
mains accurate to the data, while the second term enforces
functional smoothness. In practice, the expectation E is
approximated by taking the mean over mini-batches dur-
ing stochastic gradient descent. The primary computational
cost arises from computing the Jacobian, which requires a
backward pass for each input feature relative to the model’s
parameters. The cost scales roughly as O(d - m), where d
is the input dimension and m is the network width, making
it feasible for the tabular data in our study but potentially
expensive for very high-dimensional inputs. By training
the teacher to minimize L, we produce a network that
is not only accurate but also a more effective teacher for
distillation.

4. Experiments and Results

Our experiments are designed to first, characterize the limita-
tions of the standard distillation pipeline; second, to validate
our proposed Jacobian regularization method by analyz-
ing its performance, overhead, and trade-offs; and third,
to investigate the generality of our method. We perform
experiments on a suite of five publicly available regression
datasets, detailed in the Appendix.

4.1. The Brittleness of Naive Distillation

We first evaluate the standard distillation pipeline defined
in Section 3. Our results show that while the teacher ANNs
achieve strong predictive performance, the final student
models suffer from a significant drop in accuracy. This “dis-
tillation gap,” illustrated conceptually in Figure 1, highlights
the difficulty the SR algorithm has in capturing the complex
functions learned by the ANNs. Furthermore, as shown in
Table 1, the performance of these naively distilled symbolic
models is not competitive with other powerful baselines like
XGBoost.

Table 1. Performance comparison on two real-world datasets.
Naively distilled Student SR models significantly underperform
their Teacher ANNSs and standard gradient boosting baselines.

Dataset Teacher R? Student SR R? XGBoost R?
California Housing 0.77 0.37 0.84
Concrete Strength 0.84 0.10 0.92




Teaching the Teacher: Improving Neural Network Distillability for Symbolic Regression via Jacobian Regularization

4.2. Validating the Jacobian Regularization Method

To address the limitations of the naive pipeline, we now
evaluate our proposed method. We begin with an in-depth
analysis on the Concrete Strength dataset to quan-
tify the trade-offs between computational overhead, teacher
accuracy, and student distillability.

As shown in Figure 2, our method imposes a quantifiable
cost: enabling the regularizer (A > 0) increases training
time by roughly 10x. However, the teacher model’s perfor-
mance remains remarkably stable, showing no degradation
even at high regularization strengths. Most importantly, stu-
dent performance peaks dramatically at A = 1.0, improving
its R? score from 0.10 to nearly 0.60. This demonstrates that
a significant gain in distillability can be achieved with no
loss in teacher accuracy.

To validate this benefit across our benchmark suite, we
performed a hyperparameter sweep for A for each dataset.
Table 2 summarizes the results. Our method provides a
substantial benefit on most datasets, leading to an average
R? improvement of nearly 120% while teacher accuracy
remains high.

4.3. Generality and Boundaries of the Method

Figure 3 shows the student’s performance for every tested A
on all datasets, with optimal values annotated. This visual-
izes that while our method is broadly effective, the optimal
regularization strength is highly dataset-dependent.

To test the generality of our method beyond SR, we also
distilled teachers into a decision tree. As shown in Table 3,
the regularization provided no significant improvement in
either the accuracy or the complexity of the student tree.
This important null result suggests that the benefits of our
method are most pronounced for student models composed
of smooth basis functions. Unlike SR, decision trees parti-
tion space with axis-aligned splits; functional smoothness
in the teacher may not simplify this piecewise-constant ap-
proximation.

5. Discussion

Our experiments have shown that actively regularizing a
teacher network can significantly improve its distillability
into a symbolic model. Here, we analyze these findings, dis-
cuss the limitations of our approach, and outline promising
avenues for future work.

5.1. Analysis of Findings

The central result of our work is that the proposed Ja-
cobian regularization is highly effective, but not univer-
sally so. Its success is strongly dependent on the nature

of the dataset. The dramatic +515% improvement on the
Concrete Strength dataset suggests that the underly-
ing physical relationships governing the data are inherently
smooth and continuous. Our regularizer guides the ANN
to a solution that aligns with this ground-truth structure,
making the learned function vastly easier for Symbolic Re-
gression to discover. Notably, our trade-off analysis shows
this gain in distillability is achieved with no degradation in
the teacher’s own performance.

Conversely, the lack of improvement on Wine Quality
Red suggests a mismatch. In the Appendix, our analysis
shows this dataset has a significantly lower signal-to-noise
ratio, supporting the hypothesis that high label noise can
be a limiting factor. For Abalone, the per-dataset sweep
found a small optimal A that provided a modest benefit
where a larger, fixed A was previously detrimental. This
suggests that for some problems, like those with biologi-
cal thresholds, a gentler regularization that only partially
smooths the function is most effective. This leads to a key
insight: the most “distillable” teacher is one whose func-
tional properties, encouraged by regularization, match
the intrinsic properties of the problem.

5.2. Limitations

While our method shows significant promise, we acknowl-
edge several limitations:

* Computational Overhead: The Jacobian regulariza-
tion imposes a significant computational cost. Our
analysis shows a roughly 10x increase in training
time on our benchmark problems, which may be a
consideration for very large datasets or complex archi-
tectures.

* Hyperparameter Tuning: Our approach introduces
a new hyperparameter, A, and our results clearly show
that the optimal value is dataset-dependent. Finding
this value requires a search, adding a layer of computa-
tional cost to the modeling pipeline.

¢ Generality to Student Models: The benefits of our
method did not extend to distilling into decision trees.
Unlike Symbolic Regression, which uses smooth ba-
sis functions (e.g., +, -, %), decision trees rely on
piecewise-constant approximations. Jacobian smooth-
ing minimally impacts the axis-aligned splits used by
tree-based models. This important null result suggests
the benefits of our method are most pronounced for
certain classes of student models.

¢ Not a Panacea: As our results show, the method does
not guarantee improvement on all datasets (e.g., Wine
Quality Red). Its success is contingent on the
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Figure 1. An illustration of the “distillation gap” on a synthetic task.

Table 2. Main results summary. We compare the student R? from a standard teacher with the best R? obtained from a regularized teacher.
Teacher R? is shown for the standard run; performance for regularized teachers was nearly identical across all datasets.

Dataset Teacher R? Student R? (Standard) Best Student R? (Regularized)
Abalone 0.56 0.39 0.45 (+13.3%)
California Housing 0.77 0.37 0.41 (+10.6%)
Concrete Strength 0.85 0.10 0.60 (+515.5%)
Diabetes 0.48 0.29 0.45 (+58.5%)

Wine Quality Red 0.41 0.18 0.18 (0.0%)

* Adaptive Regularization: A key avenue is to develop
methods that can automatically tune the regularization
strength A during training, perhaps based on properties
of the data or the network’s training dynamics.

Table 3. Distillation to a Decision Tree student. R? and complexity
(leaves) are nearly identical across both datasets, showing the
limits of our method’s generality.

Teacher Type Student R> Student Leaves

Concrete Strength
Standard 0.709 32 » Mitigating Computational Cost: Research into effi-

Regularized 0.706 32 cient approximations of the Jacobian norm, for instance
using random projections, could mitigate the compu-
tational overhead and extend our method to higher-

California Housing

Standard 0.599 32 dimensional domains.
Regularized 0.599 32
¢ Advanced Regularizers: One could explore more so-
alignment between the “smoothness” inductive bias phisticated smoothness regularizers, such as penalizing
and the nature of the problem. the Hessian (second derivative) norm, to gain even finer
control over the complexity of the learned function.

5.3. Future Work
Our findings open up several exciting directions for future * Application to Classification: Extending this method-
research. ology to classification tasks is a natural next step.



Teaching the Teacher: Improving Neural Network Distillability for Symbolic Regression via Jacobian Regularization

Performance and Overhead vs. Regularization Strength
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Figure 2. Performance and computational overhead versus regularization strength () on the Concrete Strength dataset. The Teacher R?
(blue, left axis) remains stable, while the Student R? (orange, left axis) peaks dramatically. The training time (green, right axis) shows a

clear 10x increase when the regularizer is active.

6. Conclusion

Distilling the knowledge from high-performance neural net-
works into simple, interpretable symbolic models is a key
goal for explainable Al, but the process is often unreliable.
In this work, we addressed this challenge by proposing a
novel method to actively improve the distillability of the
teacher network. We introduced a Jacobian-based regular-
izer that encourages the network to learn smoother, more
structured functions while maintaining high predictive ac-
curacy. Our extensive experiments on a suite of benchmark
datasets demonstrate that this approach is highly effective,
improving the performance of the final distilled symbolic
model by an average of 120%. This work represents a
tangible step forward in creating more transparent and trust-
worthy Al systems, paving the way for the extraction of
faithful, interpretable models from complex black boxes.
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Impact Statement

This work is intended to have a positive societal impact by
advancing the development of more transparent, trustwor-
thy, and interpretable artificial intelligence. By proposing
a method to more reliably distill complex neural networks
into simple symbolic formulas, our research could enable
experts in critical fields—such as medicine, finance, and the
physical sciences—to audit, debug, and ultimately trust the
predictions of Al systems. This could accelerate scientific
discovery by revealing underlying mathematical relation-
ships in data and facilitate the safer deployment of Al in
high-stakes decision-making processes.

However, we must also acknowledge potential negative con-
sequences. The primary ethical risk is that of misplaced
trust. A user might see a simple, distilled formula and in-
correctly assume it perfectly represents the full behavior of
the teacher network. As distillation is an approximation, the
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Student Model Performance vs. Regularization Strength (A)
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Figure 3. Student model R? score as a function of the Jacobian regularization strength () across all five benchmark datasets. A star marker
(%) indicates the optimal regularization strength (A*) that yielded the peak student R for each dataset where an improvement over the
baseline was found. The x-axis is on a logarithmic scale to clearly visualize behavior at small A values; the plot begins at the smallest

non-zero value tested (0.001).

symbolic model may fail to capture subtle but critical edge
cases, such as failing to detect rare disease subtypes in
medical diagnostics. Deploying such a simplified model in
a critical application without extensive, independent valida-
tion could lead to unforeseen errors. Furthermore, like any
technique that improves model understanding, our method
could potentially be used to probe proprietary models or to
build more interpretable systems for malicious applications.

We believe the net impact of this research is positive, as
it directly addresses the critical “black box” problem in
Al Nevertheless, we urge practitioners who use these tech-
niques to treat the resulting symbolic models not as absolute
ground truth, but as powerful tools for generating hypothe-
ses and understanding complex systems, which must be
followed by rigorous domain-specific validation.
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A. Experimental Setup Details
A.1. Dataset Information

All datasets used in our experiments are publicly available. Table 4 provides a summary of the benchmark suite used in our
final evaluation.

Table 4. Benchmark Datasets Summary.

Dataset Name Source Samples Features
California Housing  scikit-learn 20,640 8
Concrete Strength ~ UCI Repository 1,030 8
Abalone UCIT Repository 4,177 10
Wine Quality Red  UCI Repository 1,599 11
Diabetes scikit-learn 442 10

A.2. Model Hyperparameters

The hyperparameters for the teacher and student models were kept consistent across all experiments to ensure a fair
comparison. The key parameters are detailed in Table 5.

Table 5. Key Hyperparameters for Experimental Models.

Model / Parameter Value

ANN Teacher (PyTorch)

Architecture Medium: 1 hidden layer with 100 neurons
Activation Function ~ReLU
Optimizer Adam
Learning Rate 0.001

Epochs 100

Batch Size 128

Symbolic Regressor Student (gplearn)
Population Size 500
Generations 30

Stopping Criteria 0.01 (R2 score)
Function Set {+ - %/}
Random State 42

A.3. Computational Environment

All experiments were conducted within a JupyterLab environment using a Google Cloud virtual machine equipped with a
nl-standard-8 (8 vCPUs, 30 GB Memory) CPU and 1 x NVIDIA T4 GPU. Key software versions include PyTorch 2.1,
scikit-learn 1.2, gplearn 0.4.2, xgboost 2.0, and lightgbm 4.1.

B. Full Experimental Results

Table 6 contains the complete raw results from our final experiment, showing the student model’s R2 score for every dataset
at every tested value of the regularization strength, \.

C. Qualitative Analysis of Discovered Formulas

To provide a qualitative sense of our method’s impact, we examined the formulas discovered for the Concrete Strength
dataset. Table 7 contrasts a plausible formula from the standard teacher with one from the best regularized teacher. The
formula from the regularized teacher is not only more accurate but also significantly less complex.

9
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Table 6. Full raw results for the student R? score from the A hyperparameter sweep.

Dataset Lambda ()\) Student R?
California Housing 0.000 0.3749
California Housing 0.001 0.3749
California Housing 0.010 0.3292
California Housing 0.050 0.3749
California Housing 0.100 0.3749
California Housing 0.500 0.4144

Concrete Strength 0.000 0.0970
Concrete Strength 0.001 0.5972
Concrete Strength 0.010 0.0970
Concrete Strength 0.050 0.4203
Concrete Strength 0.100 0.0970
Concrete Strength 0.500 0.0970

Abalone 0.000 0.3944

Abalone 0.001 0.4468

Abalone 0.010 0.4408

Abalone 0.050 0.4158

Abalone 0.100 0.3944

Abalone 0.500 0.3992

Wine Quality Red 0.000 0.1788
Wine Quality Red 0.001 0.1788
Wine Quality Red 0.010 0.1788
Wine Quality Red 0.050 0.1788
Wine Quality Red 0.100 0.1788
Wine Quality Red 0.500 0.1788

Diabetes 0.000 0.2859

Diabetes 0.001 0.2859

Diabetes 0.010 0.2802

Diabetes 0.050 0.4531

Diabetes 0.100 0.2802

Diabetes 0.500 0.2802

Table 7. Qualitative comparison of discovered formulas for the Concrete Strength dataset.

Teacher Type Example Discovered Formula

Standard Teacher add (mul (X1, sub (X0, X2)), div(add (X0, X0), sub (X4,
\=0) mul (X1, X1))))

Regularized Teacher sub (X0, add(mul (0.5, X1), mul(0.2, X3)))

(A =10.001)

D. Ablation Studies and Supplementary Analyses
D.1. Signal-to-Noise Ratio (SNR) Analysis

To provide a data-driven insight into why our method failed to improve performance on the Wine Quality Red dataset,
we computed a proxy for the Signal-to-Noise Ratio (SNR). The SNR proxy is calculated as SNR ~ Var(y) / Var(residuals)
from a simple linear regression model, where lower values indicate noisier data with less predictable structure. As
shown in Table 8, the Wine Quality Red dataset exhibits a significantly lower SNR, supporting the hypothesis that a
low signal-to-noise ratio is a limiting factor for our method.

10
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Table 8. Signal-to-Noise Ratio (SNR) Proxy for two datasets.

Dataset SNR Proxy
Concrete Strength 2.60
Wine Quality Red 1.56

D.2. Noise Ablation Study

To further test the hypothesis that high label noise can degrade the benefit of our regularizer, we performed an ablation study
on the Concrete Strength dataset by injecting varying levels of Gaussian noise into the training labels. Crucially, the
improvement is calculated relative to a standard teacher trained on the same noisy dataset. The results, shown in Table 9, are
non-trivial and suggest a complex interaction between label noise and the functional smoothness induced by our method that
warrants further investigation.

Table 9. Noise Ablation Results. The table shows the baseline student’s performance and the relative improvement from regularization at
different noise levels.

Noise Level (0)!  Standard Student R? Improvement (%)

0.00 0.10 0.0%

0.10 0.24 -22.5%
0.25 0.36 +56.5%
0.50 0.33 +8.7%

! is the fraction of the original label’s standard deviation used as the standard deviation for the injected Gaussian noise.
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