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Abstract

Learning activation functions has emerged as a promising direction in deep learning, allowing
networks to adapt activation mechanisms to task-specific demands. In this work, we
introduce a novel framework that employs the Gumbel-Softmax trick to enable discrete
yet differentiable selection among a predefined set of activation functions during training.
Our method dynamically learns the optimal activation function independently of the input,
thereby enhancing both predictive accuracy and architectural flexibility. Experiments on
synthetic datasets show that our model consistently selects the most suitable activation
function, underscoring its effectiveness. These results connect theoretical advances with
practical utility, paving the way for more adaptive and modular neural architectures in
complex learning scenarios.

1 Introduction

While modern deep learning architectures have revolutionized domains spanning vision, language, and
control, a surprisingly under-explored axis in this progression lies in the choice and design of activation
functions. These pointwise non-linearities not only endow neural networks with the capacity to model complex
functions, but also profoundly influence trainability, signal propagation, and generalization behavior (Nair
& Hinton, 2010; Nwankpa et al., 2018; Pedamonti, 2018; Subramanian et al., 2024). As we scale models to
unprecedented depths and widths, activation functions become increasingly critical mediators of inductive
bias, information flow, and learning dynamics. Yet, in most empirical pipelines, the activation function
is treated as a fixed hyperparameter—often defaulting to ReLU, GELU, or their minor variants. Recent
work on scaling laws (Kaplan et al., 2020) has identified predictable trends in model performance with
respect to compute, data, and parameter count. These observations have shaped the design of large-scale
transformers and vision architectures, spurring innovations in initialization (Saxe et al., 2014; He et al.,
2015a), normalization (Ba et al., 2016; Zhang et al., 2019), and architecture (Vaswani, 2017; Dosovitskiy et al.,
2021). However, activation functions remain a surprisingly static component within this dynamic progress of
neural networks, and their ongoing research. When scaled to hundreds of layers, signal fidelity and gradient
flow hinges on the choice of non-linearity: whether activations preserve variance across layers (Glorot &
Bengio, 2010), whether they induce saturation or sparsity (Maas et al., 2013), and whether their derivatives
yield favorable Hessian spectra (Pennington et al., 2017) — all of these directions emerge as pivotal factors in
the success of large models.

From the perspective of representational power, activation functions define the functional class accessible
to the network. A poor choice can lead to shattered gradients, and unstable dynamics (Balduzzi et al.,
2018). For instance, the introduction of Swish and GELU brought improved performance through smoother
transitions and better gradient characteristics (Ramachandran et al., 2017; Hendrycks & Gimpel, 2016), yet
these improvements were often empirical and lacked a deep mechanistic understanding in high-dimensional,
deep neural networks. Crucially, in the context of pretraining and finetuning large models, activation functions
also affect the scaling of logits and their calibration, with downstream effects on optimization dynamics,
learning rate schedules, and generalization (Zhang et al., 2017).

In this work, we argue for a re-examination of activation function design in the context of deep scaling.
Conventional activations such as ReLU (Nair & Hinton, 2010), GELU (Hendrycks & Gimpel, 2016), and
Swish (Ramachandran et al., 2017) are statically defined, applied identically across layers, tasks, and data
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regimes. However, this static design paradigm limits adaptability and ignores the growing evidence that
no single non-linearity is universally optimal across depth or domain. This mismatch becomes especially
pronounced in deep networks where representational demands evolve layer-wise.

Motivation. Standard neural networks commit to a fixed activation function before training begins. While
some functions generalize well across tasks, no single activation performs optimally across the spectrum
of functional regimes encountered in practice. This inflexibility becomes particularly limiting when one
wishes to deploy the same architecture across multiple datasets or target mappings, where the most effective
non-linearity may differ. For example, a task involving bounded, saturating behavior may favor a Sigmoid or
Tanh, while another may benefit from the sparsity and unboundedness of ReLLU. Recent works have proposed
parameterized or learnable activations that morph during training (He et al., 2015b; Tavakoli et al., 2020),
or even architectures that learn the entire activation function as a neural approximator (Liu et al., 2024).
While expressive, these methods often come with higher optimization complexity, reduced interpretability,
and the need to commit to a specific parameterization class. Instead, we explore a simpler but powerful
alternative: allow each layer to choose from a fixed basis of standard activation functions. The selection
is learned dynamically during training, and is jointly optimized with model weights. This enables a single
network—without any manual hyperparameter tuning or function sweeping—to recover the appropriate
non-linearity for the task at hand. We demonstrate this in synthetic regression tasks where the ground-truth
activation is known but hidden: our model discovers and adopts the correct function without needing to be
retrained across tasks.

Overview and Evaluation. We introduce Flex-Act, a framework for discrete activation selection based
on Gumbel-Softmax routing. Each layer selects its activation from a small set of candidate functions, with
selection probabilities learned through backpropagation. To mitigate biases toward unbounded activations,
we introduce a novel gradient-norm-based regularizer that aligns routing choices with functional suitability.
Flex-Act is evaluated in settings where the true activation function governing the target is known, and we
compare its performance against fixed activation baselines and parameterized methods. Our results show that
Flex-Act consistently adapts to the correct activation function without requiring multiple models, activation
sweeps, or architectural tuning enabling plug-and-play generalization across diverse function classes. This
capability makes it a promising tool for robust, general-purpose deep learning pipelines.

Contributions. This paper introduces a new paradigm for non-linearity design in deep networks through
discrete activation selection, where each layer dynamically routes its input through one of several candidate
activation functions. Our core contributions are as follows:

¢ Discrete Activation Routing via Gumbel-Softmax. We present a novel mechanism for layer-wise
selection of activation functions using the Gumbel-Softmax reparameterization trick, allowing discrete
function choices to be optimized end-to-end via gradient descent. (see Section 3.2)

¢ Gradient Derivations for Discrete Non-Linearities. We analytically derive the backpropagation equa-
tions for networks employing discrete activation routing, overcoming challenges posed by non-differentiable
selection. (see Section 3.2)

o Empirical Gains in Deep Settings. Our approach consistently improves accuracy and training stability
over fixed or parameterized activation baselines, particularly in very deep architectures where functional
diversity across layers is critical. (see Section 4)

¢ Interpretable and Modular Non-Linearity Design. By exposing activation selection as a discrete,
learnable variable, our framework enables new avenues for analyzing functional usage across depth, offering
both interpretability and architectural flexibility. (see Section 5)

2 Related Work

Activation functions are fundamental components of neural networks, providing non-linear transformations
that are necessary for approximating complex functions. Their design and choice significantly influence
the performance and trainability of deep learning models. This section reviews the evolution of activation
function research, from traditional functions to parameterized approaches. We also note there is significant



Under review as submission to TMLR

overlap with the literature in online learning and bandits. Throughout this section, we highlight how our
work differs by focusing on discrete activation selection tailored to layer-specific requirements. The study of
activation functions in neural networks spans from classical hand-crafted forms to recent efforts in adaptive
and learnable designs. In this section, we organize prior work into: (i) Traditional Fixed Activations, (ii)
Parameterized Activation Functions, and (iii) Discrete or Learnable Function Routing.

Traditional Fixed Activation Functions. Early neural networks relied on activation functions such as
Sigmoid and Tanh, which introduced the essential non-linearity required to model complex relationships.
These functions were instrumental in enabling neural networks to approximate arbitrary functions. However,
as networks grew deeper, their limitations became evident. Both Sigmoid and Tanh functions suffered from the
vanishing gradient problem, where gradients become increasingly small as they propagate through layers. This
hindered the ability of earlier layers to update effectively during training as discussed in Nair & Hinton (2010).
ReLU enabled deeper networks by improving gradient flow and computational efficiency (Nair & Hinton, 2010).
However, ReLLU itself introduced issues such as the "dying ReLU" problem, where neurons become inactive
and cease to contribute to learning if the inputs become negative. Variants such as Leaky ReLU (Maas
et al., 2013) and ELU (Exponential Linear Unit) (Clevert, 2015) were proposed to mitigate these issues,
allowing small, non-zero gradients for negative inputs and ensuring smoother transitions. Another significant
advancement came with GELU (Gaussian Error Linear Unit) (Hendrycks & Gimpel, 2016), a function
that combines the strengths of ReLU and Sigmoid. GELU applies a smooth, differentiable approximation
of a gating mechanism, blending linear and non-linear behaviors. It has shown particular effectiveness in
natural language processing models like BERT (Devlin, 2018) and transformer architectures (Vaswani, 2017).
GELU ensures smoother gradients and better convergence properties, making it a popular choice in many
state-of-the-art architectures. Despite these innovations, traditional activation functions remain fixed across
layers and tasks, limiting their adaptability to diverse requirements. Our work builds on the recognition that
a single, fixed activation function may not be optimal for all layers in a deep network. Instead of relying on
fixed functions or parameterizing a single family, we propose a framework where layers dynamically select the
most appropriate activation function from a predefined set, addressing layer-specific (primarily penultimate
layer) needs more effectively. This approach is akin to hypermater tuning, but instead of training multiple
models, we let the current model learn an optimal function map.

Parameterized Activation Functions. To overcome the limitations of fixed activation functions, re-
searchers have focused on parameterized activation functions. It introduces learnable parameters that can
be adapted during training, which enables the network to optimize the activation function for specific
tasks. This adaptability allows networks to better capture data characteristics, improving convergence rates,
expressiveness, and task-specific performance (Goyal et al., 2020). For example, Parametric ReLU (PReLU)
extends the Leaky ReLU’s flexibility by making the slope parameter p trainable. It is defined as:

x ifz>0,
pr if x <0,

PReLU(z) = {

in the output range of (—o0, 00). Like Leaky ReLU, this approach mitigates the dead neuron problem, allowing
the network to adaptively determine the gradient flow for negative inputs and improve convergence (Dubey
et al., 2022). In general, by adjusting for parametrization, PReLU reduces sensitivity to initialization
and increases performance across tasks. Similarly, SPLASH (Simple Piecewise Linear and Adaptive with
Symmetric Hinges) (Tavakoli et al., 2020) uses a piecewise linear activation to enhance flexibility. By
employing symmetry, grounding, and fixed hinge points, SPLASH simplifies the learning process by reducing
the parameter space from 35 + 2 to S + 1, enabling faster optimization and improved generalization. The
activation of a hidden unit h(z) in SPLASH is formulated as S 4+ 1 max functions with .S symmetric offsets,
where S is an odd number, and one of the offsets is zero:

(S+1)/2 (S+1)/2
h(x Z a’ max(0,z — b%) Z a® max(0, —z — b*),
s=1

where the learned parameters af ,a® determine the slope of each line segment, and the hinge locations 4%, —b°
are fixed. Despite having fewer parameters, though, SPLASH remains capable of approximating a wide range of
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non-linear functions, and has demonstrated effectiveness in tasks requiring robust generalization and resistance
to adversarial attacks. For instance, in classification problems, SPLASH has outperformed traditional
activations like ReLU and Leaky ReLU in terms of both accuracy and adversarial robustness (Tavakoli
et al., 2020). The symmetry and continuity of the activation function result in smoother decision boundaries,
enhancing the model’s resilience to adversarial perturbations. Finally, SWISH (Ramachandran et al., 2017)
blends linear and sigmoid components, providing smoother transitions between activations. The SWISH
activation function is defined as:

SWISH(z; 8) = x - o(Bz),

where o(z) = H% is the sigmoid function, and [ is a constant or trainable parameter that controls the
degree of non-linearity. When 8 — 0, SWISH behaves like a linear activation function, and as 8 — oo,
it becomes similar to the ReLU activation (Ramachandran et al., 2017). As such, SWISH can be loosely
viewed as a smooth function that nonlinearly interpolates between the linear and the ReLLU functions. One
of the key advantages that differentiates SWISH from other activation functions is its smoothness and
non-monotonicity. The differentiability of SWISH ensures that gradient-based optimization algorithms can
update weights effectively without encountering abrupt changes, as often seen in ReLLU due to its non-smooth
nature at x = 0. The non-monotonicity introduced by the sigmoid term also allows SWISH to capture
more complex relationships in the data compared to monotonic functions like ReLU (Nair & Hinton, 2010).
Finally, the inclusion of the trainable parameter g allows the network to dynamically adjust the activation
function during training. This flexibility ensures SWISH can adapt to the characteristics of the data and the
architecture of the network, potentially resulting in better optimization and generalization. In experiments,
SWISH demonstrated superior performance across various deep learning tasks, particularly in ImageNet with
architectures such as MobileNet and Inception-ResNet (Szegedy et al., 2016).

General Parametric Activation Function. Hu et al. (2021) takes the most general approach to
researching parametrized activation functions. They study a model which parametrizes any "traditional"
activation function o(-), defining the layer-specific function as:

Ui(ai,bi7ci7di,z) = bia(aiz + Ci) + di,

where z = wx + b denotes the weighted sum of inputs, including the bias term. These approaches significantly
improve performance by tailoring activation behavior to specific tasks, at a relatively cheap cost of only a
few parameters per layer. However, parameterized activations assume that a single functional form, albeit
adjustable, can optimally serve all layers in a network. This assumption limits their ability to capture the
diverse requirements of different layers. Layers closer to the input may require smoother transformations
for feature extraction, while deeper layers may benefit from sharper non-linearities for decision boundaries.
Our work differs by addressing these layer-specific needs directly, providing greater flexibility without the
complexity of designing or training parameterized families.

Discrete Function Selection and Activation Routing. The most similar approach to our work would be
that of Manessi & Rozza (2018), who consider linear combinations of multiple activations, enabling smooth
transitions and simplifying optimization. Our approach could actually be seen as simply a discrete restriction
of their method. However, while effective at addressing layer-specific needs, their method does not provide
the interpretability of ours, as the resulting activation is a weighted blend rather than a distinct choice.
Furthermore, the blend was restricted to the functions: Identity, ReLU, and Tanh with the ReLU function
often receiving a larger score. We experience this bias ourselves, and discovered it is due to the magnitude
differences of the activations, where ReLU’s unbounded nature causes it to be preferred in optimization
procedures, regardless of the data structure. However, unlike Manessi & Rozza (2018), we were able to
discover and address this bias due to the interpretability of our method and the structure of our experiments.
After our correction, our model successfully picks Sigmoid or Tanh if they are more suitable representations,
while such validation is not available in prior literature.

In summary, prior works have explored static, parameterized, or blended activation mechanisms. Our work
departs from these by introducing a modular, interpretable, and efficient framework for activation function
selection via discrete routing.
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3 Background

Neural Network Preliminaries. We consider feedforward neural networks as compositional mappings
F :R% — R% defined via a sequence of layers:

F(z) =gnogn_10---0g1(x),

where each layer g; : R%-1 — R% consists of an affine transformation followed by a component-wise
non-linearity:
9i(2) = 0;(Wjz+b;), W; eR4%*%-1 p; e RY.

Here, the activation function o, : R — R acts coordinate-wise on the vector, i.e., (0;(w))x = 0, (wg). While
classical networks use a fixed activation o; = o across all layers, our work focuses on the flexible and learnable
selection of o; from a finite set, discussed further in Section 3.2.

The network is trained on labeled data {(z;,;)}™,, minimizing a loss function £ : R% x R% — R,. The

empirical risk objective is:
m

i=1
optimized via gradient-based methods. The dominant computational workhorse here is backpropagation,
which leverages the chain rule to compute gradients efficiently (Rumelhart & McClelland, 1987). This
backpropagation process depends on the form and differentiability of each o;.

Activation Function Design. Activation functions introduce the non-linearity required for deep networks
to approximate highly complex mappings as compiled in Dubey et al. (2022). While historically fixed across
all layers, growing model depth and diversity of layer function suggest that more sophisticated, possibly
adaptive, designs can offer improved expressiveness and trainability.

Our framework allows each layer to select an activation from a set {0(1), e ,O'(p)}. In this paper, we consider
the following activation functions:

o ReLU: One of the most popular choices of activation functions is the Rectified Linear Unit (ReLU).
It is defined as
ReLU(z) = max(0, x).

ReLU is computationally efficient and mitigates the vanishing gradient problem for positive inputs.
However, the main limitation with ReLU is that all the negative values become zero, and some
gradients can be fragile during training, resulting in dead neurons (Agarap, 2019).

o Sigmoid: Sigmoid is defined as
. id(z) = R
sigmoi =15
It maps inputs to [0, 1], making it suitable for probabilistic outputs. Despite its interpretability, it
faces the “vanishing gradient problem,” and the saturating of gradients for large input values poses
challenges during training (Boullé et al., 2020).

e Tanh: The Tanh activation function is defined as

et —e "

tanh(x) = = 1 o—a’
et +e*

Tanh is a scaled and shifted version of the sigmoid function that maps inputs to [—1, 1], providing

zero-centered outputs, which often help with optimization. However, it also suffers from the vanishing

gradient problem for large positive or negative inputs, where the function saturates and the derivative

approaches zero. It also requires exponentials for computation, which could be slower in training and

inference (Dubey et al., 2022).
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o Leaky ReLU: Leaky ReLU is one of the variations of the ReLLU function that addresses the dead
neurons problem. It is defined as

Leaky ReLU(z) = {“" ifz>0,

kx ifz <0,
where k is a small positive constant. Unlike ReLU, Leaky ReLU has a small gradient k for negative
inputs, therefore preventing the dead neuron problem. It also mitigates the gradient saturation
problem for positive inputs. However, Leaky ReLLU requires tuning another hyperparameter, and
it does not always outperform the original ReLU activation function (Boullé et al., 2020; Tavakoli
et al., 2020).

o Identity: The identity function is defined as
flx) ==

The identity function retains linearity, serving as a baseline for testing the network’s behavior with
non-transformative activations (Dubey et al., 2022).The Identity function serves as an important
sanity check in many of our experiments.

This set provides a varied spectrum of behaviors with differing curvature, boundedness, and gradient
characteristics. Our model aims to select the most appropriate function at the penulitmate layer by routing
dynamically during training.

3.1 The Gumbel-Softmax Trick

Optimization involving discrete choices poses a major challenge to gradient-based learning. The Gumbel-
Softmax trick (Jang et al., 2017) provides a continuous relaxation to sampling from categorical distributions,
allowing for low-variance gradient estimation via reparameterization.

Given class probabilities 71, ..., 7, the Gumbel-Max trick samples:
z = one_hot (arg max[log m; + gi]) , gi ~ Gumbel(0, 1),

where g; = —log(—logu;) and u; ~ Uniform(0, 1).

Replacing arg max with a softmax yields the Gumbel-Softmax distribution:

exp((log m; +9:)/7)
>_jexp((logm; + g;)/7) ’

where 7 controls the "sharpness" of selection. As 7 — 0, this approaches a true categorical distribution;
higher 7 yields smoother mixtures. The Gumbel-Softmax enables gradient flow through discrete selections,
and has been used in areas ranging from generative models (Kusner & Hernandez-Lobato, 2016) to channel
pruning (Strypsteen & Bertrand, 2021). We employ it to the appropriate activation function suitable for the
model without any overhead on hyperparameter search.

i =

Gradient Estimation. The key advantage of the Gumbel-Softmax is that it allows gradients with respect
to the logits log7; to be computed via backpropagation. However, as we show in Section 3.3, naive use
leads to activation selection biased toward unbounded functions like ReLLU. This motivates the normalization
strategy introduced in Section 3.3.

3.2 Activation Selection via Soft Routing

We now define the proposed model. At each layer i, given input X;_1, we first compute the affine transformation
hi = W;X,_1 + b; € Rt Rather than applying a fixed non-linearity, we compute a convex combination
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over a set of candidate functions at the penulimate layer:

X, = Zp(i) (J)

where p; ~ GumbelSoftmax(log 7r;, 7). Each o) is a pre-defined activation function, and the logits 7; € R?
are trainable parameters learned jointly with the network weights. As 7 is annealed, the model transitions
from exploring blends to committing to specific activations per layer.

3.3 Bias Correction via Gradient Normalization

Scale-Induced Selection Bias. In preliminary experiments, we observed that the model consistently
favored ReLLU and Leaky ReLU where the activations have large unbounded outputs regardless of data-specific
structure. This arises because backpropagation scales the gradient by the activation value itself, biasing
selection toward functions with large magnitudes rather than functions more appropriate for the data regime.

Weighting with Gradient Norms. To address the problems observed with the gradient, we introduce a
gradient normalization mechanism to prevent this.

We compute the gradient norms of each activation function with respect to the input:

gi = [Vaoi(h)]l5 (1)
where h = XWT + b.

We convert the negative average gradient norms into pseudo-probabilities using a softmax function:

- exp(=gi/A) 9
D SRV 2

where g; is the average gradient norm for activation function ¢; over the batch, and X is a scaling factor to
adjust the pulling factor. Functions with larger gradients have smaller pseudo-probabilities.

The total loss is then a combination of the primary task loss (e.g., mean squared error for regression) and the
Kullback-Leibler divergence between the model’s activation probabilities and the pseudo-label probabilities:

L = Liask + LK, (3)

) (k)
ﬁ log | =7 |- (4)
1=1 k=1 p;

and « is a weighting coefficient. By including this regularization term, we were able to overcome the problems
with the bias towards suboptimal activation functions in our experiments.

where

4 Experiments

In this section, we present an empirical evaluation of Flex-Act, our proposed dynamic activation selection
framework. We compare it against standard fixed-activation networks and ablate key components of our
model, including the use of regularization. Our experiments are designed to isolate the role of activation
selection in shallow regression tasks, where an optimal solution is analytically known. This controlled setting
allows us to precisely measure convergence, interpretability, and the effect of discrete selection dynamics.
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4.1 Experimental Setup

We construct a synthetic regression task where the target label is generated via a non-linear activation applied
to a single informative input variable, with additional distractor features. Specifically, we generate input
vectors z € R*, where one dimension x; is informative, and the remaining are i.i.d. Gaussian noise. The
label is given by:
y=alk . x1),

where a(-) denotes the ground truth activation function, and k is constant, which we arbitrarily set to 5 for
the sake of simplicity throughout our experiments. We test five such cases for activation functions: ReLU,
Sigmoid, Tanh, LeakyReLU, and Identity. Our goal is to evaluate whether models can recover this target
transformation without any sweep and computational overhead.

We compare the following model variants:

o Flex-Act (Ours): A single-layer network with dynamic, layer-wise activation selection using Gumbel-
Softmax sampling from five candidate functions. Details are provided in Section 3.

o Fixed-Activation Networks: Five networks, each using a fixed activation from the candidate set. This
provides an upper bound when the activation matches a(-), and a lower bound when mismatched.

Each model is trained to minimize Mean Squared Error (MSE), and we report both final error and convergence
behavior averaged over 5 different seeds. For Flex-Act models, we additionally track the evolution of the
activation selection probabilities over time for additional insights.

4.1.1 Results and Analysis

Performance Across Ground Truths. Table 1 reports the mean and standard deviation of the MSE
for each model across different ground truth functions. As expected, each fixed-activation model achieves
zero error only when its activation matches the ground truth. In contrast, Flex-Act consistently converges
to the optimal function, matching or outperforming all baselines in every setting without any additional
computational overhead. This advantage helps circumvent the need to train different models for each
activation functions and provides both interpretability and efficiency in training.

Table 1: Mean and standard deviation of MSE across various ground truth activations. The best result per
column is highlighted in bold. The best result for each metric is shown in bold, and the second-best is
marked with T.

Model ReLU Sigmoid Tanh LeakyReLU Identity

Flex-Act (o =0.3) 0.0001 4+ 0.0002"  0.0011 4+ 0.0006"  0.0001 +0.0002"  0.0001 +0.0002"  0.0000 + 0.0000
Flex-Act (a =0.0) 0.0001 4 0.0001F 0.0059 £ 0.0073 0.0021 +0.0028  0.0001 +0.0002F  0.0000 + 0.0000

ReLU Model 0.0000 +0.0000  0.0059 4 0.0072 0.4328 + 0.4287 0.0004 £ 0.0007 4.1675 £ 6.7199
Sigmoid Model 2.1360 +3.9912  0.0000 £+ 0.0000  0.4020 £ 0.4536 2.1365 % 3.9910 6.3056 £ 6.5772
Tanh Model 2.2941 + 3.9616 0.0141 £0.0119  0.0000 £0.0000  2.2909 + 3.9623 4.2737 £ 4.7666
LeakyReLU Model 0.0004 £ 0.0007 0.0059 £ 0.0072 0.4286 £ 0.4227  0.0000 £ 0.0000  4.0787 £ 6.5640
Identity Model 0.5209 £ 0.4659 0.0078 £ 0.0061 0.0985 £ 0.0798 0.5105+0.4566  0.0000 &+ 0.0000

Importantly, the variant without regularization (Flex-Act with o = 0) performs significantly worse when
the ground truth is Sigmoid or Tanh. This confirms our earlier hypothesis that unbounded activations (e.g.,
ReLU) dominate gradient flow during training, leading to biased selection without proper correction.

Selection Dynamics. Figure 2 tracks the Gumbel-Softmax probability distribution over time. In each case,
the model quickly converges toward the correct activation, sometimes switching transiently between close
candidates (e.g., ReLU and LeakyReLU).

Effect of Regularization. Figure 1 shows the selection dynamics with and without gradient-based
regularization. Without it (o = 0), the model lingers on ReLU or LeakyReLU due to their unbounded
gradients. With regularization (« = 0.3), the model rapidly discovers and locks onto the true activation.



Under review as submission to TMLR
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Figure 1: Effect of KL-based regularization on activation selection. Without regularization, the model
biases towards unbounded activation functions such as ReLU. With regularization, convergence improves

significantly.
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Figure 2: Gumbel-Softmax activation selection probabilities over training epochs for various ground-truth
activation functions. The model converges to the appropriate non-linearity across tasks with the exception of

Leaky ReLU in the above example.
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4.2 Scaling to Real-World Vision Benchmarks

To evaluate whether the benefits of Flex-Act generalize beyond controlled synthetic setups, we conduct
experiments on the CIFAR-10 image classification task using standard convolutional architectures. In this
setting, we integrate Flex-Act into deep residual networks (ResNet18 and ResNet34) and assess whether
discrete activation selection can improve accuracy or at least match the performance of carefully hand-tuned
fixed activations when added ad-hoc in the penultimate layer of the neural network.

Experimental Setup. We train all models for 200 epochs using SGD with momentum (0.9), batch size 128,
and a cosine annealing learning rate schedule starting at 0.1. Flex-Act is applied to the penultimate layer of
the network, with the same candidate set of activations as in our synthetic setup.

Flex-Act maintains or slightly improves performance Table 2: CIFAR-10 accuracy. Flex-Act matches
over strong baselines, while offering an interpretable or improves performance across standard ResNet
advantage: it can recover the identity function or fall- variants.

back to ReLU if no better choice exists. These results

suggest that Flex-Act is not only robust to function Model Acc. (%)

mismatch in toy tasks but also compatible with deeper

architectures trained on real data, reinforcing its via- ResNet18 95.39
o . + Flex-Act  95.43

bility as a drop-in module for general-purpose neural
ResNet34 95.36

network training. Flod
+ Flex-Act 95.44

5 Discussion

Our experiments validate that Flex-Act is capable of discovering the optimal activation function in a purely
data-driven manner. Even in simple synthetic tasks, this flexibility enables better fit and interpretability than
fixed or parameterized alternatives. Importantly, we show that naive use of Gumbel-Softmax leads to biased
selection, and that our gradient-norm-based regularizer effectively corrects this issue. The interpretability of
Flex-Act is a byproduct of its design: discrete selection exposes layer-wise preferences, enabling post hoc
analysis and debugging agnostic of the task at hand. While such properties are often overlooked in deep
learning systems, we find them critical for understanding and correcting unexpected optimization behavior,
and could open up further interesting research avenues into choices of activation functions in deep learning
literature. The current proposal of Flex-Act is primarily designed to be only added at the penultimate
layer. We aim to extend Flex-Act to deeper architectures with multi-layer activation function selection,
where different layers may benefit from different non-linearities. However, the current heuristic approach
would face issues with gradient alignment, exploding gradients, and unstable training if extended naively.
Furthermore, our current regularizer is heuristic and derived from empirical intuition; future efforts could
explore alternative formulations grounded in information theory or activation smoothness metrics.

6 Conclusion

We introduced Flex-Act, a framework for discrete activation selection that enables a layer of a neural
network to dynamically select its activation function during training. By leveraging the Gumbel-Softmax
trick and a novel gradient-norm-based regularizer, our method effectively learns which non-linearity is most
appropriate for the task, without requiring architecture-specific tuning or manual hyperparameter sweeps.
In controlled experiments where the ground-truth function is known, Flex—Act consistently recovered the
optimal activation while maintaining interpretability and modularity.

Our results highlight a compelling possibility: the same network architecture can be reused across a diverse
range of functional regimes—each requiring distinct activation dynamics—without retraining or redesign.
This opens the door to more robust, task-adaptive neural networks where non-linearity is no longer a fixed
hyperparameter but a learnable component of the model architecture.
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Broader Impact Statement

The proposed framework for discrete activation routing has implications for the design and deployment
of more adaptive and efficient neural networks. By enabling a single architecture to automatically adjust
its activation functions to suit diverse learning tasks, Flex—Act reduces the need for manual tuning and
hyperparameter searches in this context. This can lower both the computational cost and the barrier to entry
for training high-performing models across domains.

We do not foresee direct negative societal impacts of this work. However, as with any general-purpose
machine learning method, downstream misuse is always a possibility. To mitigate risks, we encourage the
community to pair technical progress with domain-specific oversight when deploying adaptive models in
sensitive applications. Furthermore, our method preserves interpretability, which supports transparency and
post hoc auditing in high-stakes settings.
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A Appendix

In this section, we briefly discuss additional results surrounding our proposed methodology.

To assess the inductive flexibility of learned nonlinearities, we perform an ablation analysis comparing our
approach (Flex-Act) with standard fixed activation models. The five subfigures in Figure 3 illustrate the
predicted output values versus input features for each activation setting.

In each case, the target function is generated using a specific ground truth nonlinearity, while models are
trained to regress onto these targets using either a fixed nonlinearity or our adaptive alternative. We visualize
predictions from:

e Flex-Act with two regularization strengths (o« = 0.0 and a = 0.3),
 standard fixed activation baselines (ReL.U, Sigmoid, Tanh, Leaky-ReLU, Identity),

e and the true target output for reference.

The results show that Flex-Act closely tracks the ground truth across all activation settings:

o For ReLU and Leaky-ReLLU, where piecewise-linear structure dominates, our method performs on
par with the fixed activations, attaining near-zero approximation error.

e In the case of Sigmoid and Tanh, where saturation and curvature play a larger role, Flex-Act exhibits
significant robustness, capturing nonlinear trends without overfitting or distortion.

e For the Identity function, fixed nonlinear activations incur substantial bias, whereas Flex-Act
correctly recovers the linear mapping with zero error.

These visual results complement the quantitative analysis presented in Table 1, wherein Flex-Act achieves the
lowest or second-lowest mean squared error in every setting. The qualitative agreement further substantiates
our claim that learning the activation space dynamically allows for greater generalization and adaptability
than committing to a fixed functional form a priori.
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Ablation Analysis - ReLU

Predicted Output Values

Ef

—— True Values
Ours (0.0002 + 0.0002)
ReLU (0.0000 + 0.0000)

o

T R R
Input Feature

Sigmoid (2.1422 * 3.9911)
Tanh (2.2941 * 3.9616)

LeakyReLU (0.0004 + 0.0007)
Identity (0.5209 * 0.4659)

—— True Values

Predicted Output Values

Ours (0.0011 + 0.0006)

Ablation Analysis -

Input Feature

Sigmoid (0.0000 * 0.0000)
Tanh (0.0141 * 0.0119)

ReLU (0.0059 + 0.0072)

Al

(a) ReLU

blation Analysis - Tanh

Predicted Output Values

Y.

—— True Values
Ours (0.0006 + 0.0008)
RelU (0.4328 + 0.4287)

Figure 3: Ablation analysis comparing our proposed method (Flex-Act) against fixed-function models
across five ground truth transformations: ReLLU, Sigmoid, Tanh, Leaky-ReLU, and Identity. The plots show
predicted output values against input features. Flex—Act consistently approximates the true functional forms

Input Feature

Sigmoid (0.4051 + 0.4548)
Tanh (0.0000 + 0.0000)

(c) Tanh

LeakyRelU (0.4286 + 0.4227)
Identity (0.0985 + 0.0798)

—— True Values

Predicted Output Values

Ours (0.0000 + 0.0000)

(b) Sigmoid

Ablation Analysis - LeakyRelLU

Input Feature

Sigmoid (2.1428 + 3.9908)
Tanh (2.2909 * 3.9623)

RelU (0.0004 + 0.0007)

Ablation Analysis - Identity

Predicted Output Values

—— True Values
Ours (0.0000 + 0.0000)
RelLU (4.1675 * 6.7199)

Input Feature

Sigmoid (6.3233 + 6.5678)
Tanh (4.2739 + 4.7665)

(d) Leaky-ReLU

LeakyReLU (4.0787 + 6.5642)
Identity (0.0000 + 0.0000)

(e) Identity

more faithfully, even in the absence of explicit architectural inductive bias.
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LeakyReLU (0.0059 + 0.0072)
Identity (0.0078 + 0.0061)

LeakyReLU (0.0000 + 0.0000)
Identity (0.5105 + 0.4566)
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