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Abstract

Simplicity bias or stochastic collapse is a phenomenon in neural
network optimization: Shallow networks are susceptible to a failure
mode wherein training dynamics cause neurons to cluster, leaving
large regions of the input domain uncovered. We show how to use
this phenomenon to create an ensemble of tasks for evaluating the
research capabilities of Al agents. Our tasks require an agent to
discover non-standard training procedures, or get trapped in local
minima with high probability. We specifically know that adding
a repulsive loss term inspired by mean-field interacting particle
systems is sufficient to solve the problem but stronger Al agents
may discover other techniques to successfully fit randomly gener-
ated smooth functions with a width-constrained one-hidden-layer
ReLU networks. We describe the problem formulation, the underly-
ing failure mechanism, an oracle solution, and a suite of difficulty
modulations. Empirical evaluation reveals that current Al agents
reliably default to hyperparameter search rather than reconsider-
ing fundamental loss function design, making this benchmark a
productive discriminator of reasoning capability.
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1 Introduction

Terminal-Bench and Harbor Tasks [7] are becoming the de-facto
standard for coding agent environments used for training and eval-
uation. In this paper we design an ensemble of RL environments to
test the ability of AI agents to solve research problems in Machine
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Learning. We begin with a remarkable observation about neural
network training that can be exhibited in a simple setting.

1.1 Simplicity bias:

The training of neural networks via gradient based methods is
effective in practice, yet not completely understood. In fact, the
conventional wisdom before the deep learning revolution was that
‘neural networks trained by gradient descent would fail due to local
minima, extremely large weights, and slow convergence.[8]

Modern Machine Learning practice adopts a hands-off approach
to the optimization of neural network based architectures, leaving
details about the neurons and their activation patterns relatively
unexplored in comparison to statistical evaluations of the function
induced by the network. A deceptive failure mode arises in shallow
ReLU networks: gradient-based optimization can cause the hidden
neurons to collapse toward identical or near-identical configura-
tions. This results in the resulting function being less expressive
than what is suggested by the size of the network, producing high
estimation error that is extremely resilient to training. The phe-
nomenon has been studied under the names simplicity bias [3, 9]
Stochastic Collapse [1] and condensation [10].

This failure mode is not obvious and practically significant: the
training loss decreases monotonically throughout and appears to
converge cleanly ( fig. 1), so standard monitoring does not reveal
any pathology. Crucially, a resolution requires a novel optimization
solution.

1.1.1  Activation-Point Dynamics. A one-hidden-layer ReLU net-
work partitions the real line into piecewise linear regions separated
by activation points at pr = —b/wy for each neuron k. The net-
work’s ability to model curvature in the target function in a region
of input space depends entirely on the existence of activation points
in that region - any interval containing no activation point is fit by
a linear function.

During training, activation points move in response to gradient
signals. The gradient of the loss with respect to by and wy is com-
puted from the residual on the active set {x : wxx+b > 0} of neuron
k. If two neurons k and ¢ have similar parameters wy = wy, their
gradients are similar. As a result, both activation points respond
similarly to the same gradient updates and tend to move together
rather than apart. This clustering is stable: once two neurons are
close, their gradients are correlated, their updates are aligned, and
they remain close - in fact, standard optimization noise (stochastic
minibatches, learning rate schedules) do not introduce sufficient
turbulence to break this degeneracy. Adaptive optimizers such as
Adam [4] also fail.
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Figure 1: Simplicity bias in practice. Left: a width-constrained shallow ReLU network trained with Adam + MSE (dashed blue)
converges to a function with very few distinct linear regions, failing to approximate the complex ground truth (orange). Right:
the training loss decreases smoothly and converges, giving no indication that the solution is poor.

2 Task Formulation 2.2 Random Function Generator
We construct environments in which an agent must discover the Target functions are smooth scalar-to-scalar interpolants. We first
failure mode of simplicity bias and propose a training procedure that sample xjj, uniformly from {8, 12}, and draw N = 16 scalars {xi}fi )
successfully fits random functions drawn from a specified generator uniformly from [—xjjm, Xjim]| and sort them. We then draw corre-
using a specified one-hidden-layer ReLU network architecture. The sponding output values {y;}, uniformly from [-1, 1]. Finally, we
task ensemble is designed to be open-ended, requiring insight into interpolate using scipy.interpolate.PchipInterpolator, pro-
the geometry of the optimization landscape rather than routine ducing smooth curvies with no overshooting. A simple upper bound
hyperparameter tuning. on the MSE of the best model is just the piecewise linear interpo-
Regression for Spline Interpolation lation of the knots, which has MSE on the order of 10~ for this
We create RL environments that provide the agent with: (1) a setup. We refer to the loss of a piecewise-linear interpolation of the
description of the random function generator ¥ (see section 2.2); knots as MSEyyot.
(2) a fixed network architecture consisting of a single hidden layer We set the number of knots in the spline interpolation, N, to be
of width K and ReLU activation; and (3) an MSE success thresh- one fewer than the number of neurons (that is, the width) K. This
old €. The agent proposes a training procedure A—comprising an ensures that the network has sufficient representation capacity to
optimizer, a loss function, and any associated hyperparameters— fit the interolation to "first order" (i.e., with one neuron per knot).

which is then used to train 10 independently initialized networks

for T = 7,500 iterations each, with target functions drawn fresh .

from 7. The agent succeeds if at least 5 of the 10 trained networks 3 The Oracle Solution

achieve MSE below € on a held-out evaluation set. Formally, success 3.1 Repulsive Regularization

requures The oracle solution augments the MSE loss with a repulsive potential

between pairs of neurons, directly counteracting the collapsing

Pr  [MSE(facn) <] = 05. force of gradient descent. Formally, the oracle loss is:

f~F, Op~init
2.1 Network Architecture M
1 1
The model is a one-hidden-layer ReLU network with K hidden L) = ” Z(fg(xj) - yj)2 +A Z —_—,
units: Jj=1 izt 19 = Gell? +6
K
fo(x) = Z ax ReLU(wyex +b), where q’;k = (wg, b) /|| (wg, b)|| is the normalized direction of neuron
k=1 k’s kink-point parameters, § > 0 is a small numerical stabilizer,
. X ) . and A > 0 is a regularization coefficient. Normalization before
with parameters 6 = {(ax, wk)};_,, b- The architecture is fixed; the computing the potential ensures the penalty is scale-invariant and
agent cannot increase K. We refer to the point ;—Z as the activa- focuses on the angular separation between neurons (i.e., the relative
tion point of the kth neuron - this is where the ReLU activation position of activations points on the real line) rather than their

transitions from muting the preactivation to letting it through. absolute magnitude.
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Figure 2: Simplicity bias in practice. Left: a width-constrained shallow ReLU network trained with Adam + MSE (dashed orange)
fails to approximate the complex ground truth (green). The oracle solution, which uses a potential in the loss corresponding to
a repulsion of the neurons, results in training to achieve a better fit (dashed blue) Right: the training loss decreases smoothly

and converges, giving no indication that the solution is poor.

3.2 Training Configuration and Empirical
Performance

The oracle training procedure uses the Adam optimizer [4] with a
cosine-annealed learning rate schedule [5] over T = 7,500 iterations.
Empirically, the oracle achieves MSE below 102 on the majority
of random function instances with the prescribed network size. A
comparison between our oracle and a simple solution comprising
of the Adam optimizer on MSE loss is presented in fig. 2.

The oracle fails reliably when e is tightened toward 10~ due
to irreducible noise from the random function sampling and the
stochasticity of the repulsive landscape near convergence. This
provides a natural ceiling for the harder task variants described in
Section 4.

4 Benchmark Design and Difficulty Modulation
4.1 Behavior on the Standard Task Ensemble

AT agents consistently fail to innovate beyond the simple Adam +
MSE solution. Every agent correctly implements a verifier, which
allows the agent to simluate its performance on the task (sufficient
information is provided for the agent to do this, without revealing
the secret random seeds used for generating the functions), but
agents almost universally fail to revisit the design of the loss func-
tion. Instead, they engage in extended hyperparameter search over
learning rates and learning rate schedules, often correctly identify-
ing that the MSE is too high but incorrectly attributing the failure
to insufficient training rather than structural loss design.

4.2 Reward Hacking Attempts

We briefly summarize several reward hacking and cheating strate-
gies that agents attempt:

e Optimizer Manipulation Some agents attempted to cir-
cumvent the iteration constraint by calling optimizer.step()
multiple times inside each training step using a persistent
global variable to accumulate the loss, effectively decoupling

iteration count from gradient update count. This behavior
was disallowed by the verifier.

o Explicit Solutions Some agents used the model and data
provided to call scipy solvers to get the optimal parameters
directly, which is not in the spirit of the task.

4.3 Easier Variants

For agents that fail entirely on the standard formulation, the fol-
lowing modifications reduce difficulty while preserving the core
discovery:

e Higher MSE threshold. Relax € so that partially collapsed
solutions can still pass.

e Explicit hints. Include in the task description a note that
suggests the mechanism of failure (collapse/condensation) to
the agent, even suggesting that it examine the distribution of
the network’s activation points {—b/wy} across the domain.

e Frozen input weights. Freeze {ax } to be uniformly one and
fix X}y, deterministically; only biases {b} and input weights
{wy} are trained. Agents appear to immediately interpret
this as a symmetry-breaking constraint that warrants an
alternative loss design.

4.4 Harder Variants
For stronger agents, difficulty can be increased through the follow-
ing:

e Tighter MSE threshold. Lowering € towards MSEjyno re-
duces the margin between oracle performance and the thresh-
old, requiring the agent’s solution to be near-optimal. The
oracle solution we provide is not necessarily the best achiev-
able under the parameters of this task.

o Limited verifier budget. Restricting the number of verifier
calls to a small number (e.g., 3-5 total) penalizes trial-and-
error strategies and forces the agent to reason analytically
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Figure 3: Extension to two hidden layers. Left: The Oracle solution (dashed blue) uses more distinct activation points than the
Adam + MSE solution (dashed orange). Right: Comparison of training loss over iteration count. We see that both solutions

converge, but the typical agent solution exhibits a higher loss.

before querying. One way to implement this may be to in-
crease T, the number of iterations of optimization per run, so
that each simulated verifier call takes the agent more time.

e Black-box function generation. Hiding the details of the
interpolation procedure and function generation entirely.
Without the ability to simulate a verifier on an instance that
has been designed to exhibit this phenomenon, the model
may not even consider that a novel approach is necessary.
The ability to discover this failure mode is indicative of a
capability of independent research.

4.4.1  Deeper Networks. The task can be extended to networks with
multiple hidden layers. The condensation phenomenon still occurs
and repulsion still helps alleviate the problem. We demonstrate an
example in fig. 3

5 Related Work

Spectral bias and frequency preference. Rahaman et al. [9] estab-
lish that gradient-based training of neural networks preferentially
learns low-frequency components of the target function, a phenom-
enon they term spectral bias. Our setting is complementary: we
focus on spatial coverage failure (neurons not spanning the input
domain) rather than frequency-domain learning order.

Condensation and simplicity bias. Zhou et al. [10] characterize
the condensation regime in which neurons align rapidly at early
training, providing a theoretical description of the kink-point clus-
tering dynamics we exploit. Hu et al. [3] document the surprising
simplicity of early-time gradient dynamics in overparameterized
networks and show that the effective rank of the learned function
remains low for long initial periods, even for complex targets.

Mean-field theory. Chizat and Bach [2] establish global conver-
gence of gradient descent for two-layer networks in the mean-field
(infinite-width) limit, where the empirical measure evolves as a
Wasserstein gradient flow. Mei, Montanari, and Nguyen [6] develop
the mean-field perspective for shallow networks and characterize

the landscape of the associated free energy functional. Our repulsive
loss can be interpreted as adding an entropy term to this functional
to prevent collapse of the empirical measure.
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