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Abstract

A central characteristic of Maximal Update Parameterization (uP) is hyperparameter transfer—the
optimal hyperparameters (e.g., learning rate) found on small models continue to be optimal at large
scales. This allows practitioners to tune hyperparameters cheaply on small models and reuse them
at scale, avoiding the prohibitive cost of direct tuning on large models. In its original formula-
tion, 4P was derived under a set of analytical assumptions to ensure O(1) feature updates for a
finite number of training steps in the large width limit n — oo. Although ©(1) feature updates do
not formally imply that the optimal learning rate transfers across widths, such a transfer has been
widely observed empirically in practice. In this work, we identify a regime in which the optimal
learning rate fails to transfer as the model is scaled. We find that the optimal learning rate for the
test performance sharply changes across the double descent transition, yet remains fairly consistent
within both the under-parameterized and over-parameterized regimes. We further show that weight
decay and data augmentation can each improve the reliability of learning rate transfer, however,
through different mechanisms. Our findings clarify the practical boundaries of hyperparameter
transfer and highlight regimes where optimal learning rates are unlikely to transfer reliably.

1. Introduction

Identifying the optimal learning »* rate at large scale is challenging as directly searching for it be-
comes computationally prohibitive, motivating strategies that estimate n* from cheaper proxies at
small scales [2]. Maximal Update Parameterization (uP) [9] is one such strategy: it parameterizes
the model so that the optimal learning rate found on a smaller model remains optimal as width
is scaled up, a property known as learning rate transfer [9, 10]. Since its introduction, learning
rate transfer has been observed across a range of architectures, parameterizations, and optimiz-
ers[1, 3, 5, 8].

uP is derived to ensure ©(1) updates under three analytical assumptions: (1) a finite number of
training steps as the width n — oo, (2) a fixed dataset as the width scales, and (3) full alignment
between weight updates and the activations they act on [9]. This Desiderata, however, do not for-
mally imply that the optimal learning rate transfers across widths, and its underlying assumptions
are routinely violated in practice: alignment between weight updates and activations does not reach
the value assumed by P [3], and modern training regimes scale data and training steps with model
width. Moreover, transfer is observed in other, simpler parameterizations [3, 6, 8], suggesting the
full set of assumptions might not be needed for transfer.

Despite these gaps, learning rate transfer continues to be observed empirically [10]. Yet it
remains poorly understood when transfer is expected to hold and when it can break down. In this
work, we identify one such regime in which transfer breaks down—the optimal learning rate for
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Figure 1: Optimal learning rate does not transfer across double descent. CNNs trained on CIFAR-
100 using SGD, with under-parameterized widths shown in red, over-parameterized
widths in green, and the interpolating width is shown in black. Top row (early train-
ing, 10% of total steps): (a) training and test loss as a function of width, (b) optimal
learning rate for the loss, (c) optimal learning rate for the test accuracy. Bottom row (end
of training): (d) training and test loss as a function of width, showing the double descent
curve with the interpolation threshold at n ~ 128, (e) optimal learning rate for the train-
ing loss remains consistent across widths, with a small decrease at the smallest widths, (f)
optimal learning rate for the test accuracy exhibits a sharp transition at the interpolation
threshold, differing by roughly 10x between the under- and over-parameterized regimes.

test performance changes sharply across the double-descent transition, while remaining consistent
within the under- and over-parameterized regimes.

2. Optimal Learning Rates Across the Double Descent Transition

To systematically examine whether learning rates transfer across double descent, we consider the
CIFAR image classification [4] task, where the interpolation threshold can be precisely identified.
We train vanilla CNNs on the CIFAR-100 dataset using SGD with batch size 512 and no momentum.
We clip the gradients when their L2 norm exceeds 1.0. The learning rate schedule follows a warmup
of 4000 steps and a cosine decay to 1/10 of the peak value 7. The networks are parameterized using
spectral parameterization [11], which generalizes pP to settings with non-uniform layer widths. We
sweep over widths n € {16,32,...,1024} and peak learning rates n € [6 x 1073, 10%], and identify
the peak optimal learning rate n* at the end of training.

Figure 1(d) shows the classic double descent curve, with the test loss peaking at the interpo-
lation threshold around width n ~ 128. The optimal learning rate for the training loss remains
fairly consistent across widths (Figure 1(e)), with a small decrease at the smallest widths. In the
overparameterized regime, the training loss converges to a near-zero value, so a range of learning
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Figure 2: Regularization improves learning rate transfer. Same setup as Figure 1, with weight
decay (WD) set to 0.0006 (top), 0.001 (middle), and 0.003 (bottom). Columns show
training and test loss at the end of training vs width, training loss, and test accuracy as
a function of learning rate. As weight decay increases, the double descent peak in the
test loss is progressively suppressed, and the sharp transition in 7* for the test accuracy at
the interpolation threshold is reduced. At large weight decay values, n* transfers across
widths, but comes at a cost of performance.

rates achieve comparable performance. In contrast, the optimal learning rate for the test accuracy
changes sharply with width (Figure 1(f)): underparameterized models prefer n ~ 0.1, while over-
parameterized models prefer n ~ 1.0, which is a ~ 10x jump at the interpolation threshold. This
gap is mild early in training (Figure 1(c)) and widens as training proceeds. Within each regime,
however, the optimal learning rate is consistent, indicating that the failure of transfer is localized to
the transition between regimes rather than a general width-dependence.

3. Regularization and Data Augmentation Improve Transfer

Our results so far suggest that the failure of learning rate transfer is tied to double descent. Prior
work has shown that regularization and data augmentation can suppress double descent [7]. We
therefore ask whether either is sufficient to restore the transfer of the optimal learning rate for the
test accuracy.
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Figure 3: Data augmentation pushes the interpolation threshold beyond the widths considered.
Same setup as Figure 1 with augmentation enabled. (a) Training and test loss decrease
monotonically with width, indicating that all models are in the under-parameterized
regime. (b, c) Training loss and test accuracy curves have a consistent shape, but the
optimal learning rate slowly but continuously increases toward larger values with width,
in contrast to the sharp transition observed without augmentation.

3.1. Effect of Weight Decay

We next ask whether weight decay can restore transfer by suppressing double descent. Figure 2
shows the effect of three weight decay strengths. Since the per-layer learning rate in pP scales
with width, the effective decay strength nA in weight decay would scale with width as well. We
omit the pP width scaling from the learning rate when computing the decay update so that the
effective weight decay is consistent across widths. At small weight decay values (WD = 0.0006,
top row), the double descent peak in the test loss is still clearly visible, but transfer of n* for the test
accuracy is improved: the sudden transition in #* at the interpolation threshold is replaced with a
smoother increase with width. At large weight decay values (WD = 0.003, bottom row), the peak
is suppressed, and the test loss recovers a classical bias-variance shape; however, this comes at the
cost of overall test performance. Notably, at this strong weight decay, larger widths no longer result
in better test accuracy, undermining the practical motivation of scaling up. Taken together, weight
decay can restore transfer, but at the cost of performance and the benefit of scale itself.

3.2. Effect of Data Augmentation

We next ask whether data augmentation can also improve transfer. We apply data augmentation in
the following order: random horizontal flips, random cropping, and mixup [12]. Figure 3(a) shows
that the training and test loss decrease monotonically with width, and the double descent peak has
disappeared from the range of widths we consider. This is consistent with augmentation increasing
the effective dataset size and thereby pushing the interpolation threshold beyond our largest model.
With all models in the under-parameterized regime, n* for the test accuracy (Figure 3(c)) no longer
exhibits a sharp transition; it instead drifts slowly but continuously toward larger values as width
increases. This residual drift is much smaller than the order-of-magnitude jump observed without
augmentation, but shows that the width dependence of n* is not entirely eliminated.

Taken together, both weight decay and data augmentation improve learning rate transfer for the
test accuracy, but through different mechanisms: weight decay suppresses the double descent peak
in place, while data augmentation moves the interpolation threshold past the widths considered.
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4. Discussion

In this work, we identified a regime where learning rate transfer breaks down: while n* for the
training loss remains fairly consistent across widths, n* for the test accuracy jumps by roughly an
order of magnitude across the double descent transition. This finding suggests that learning rate
transfer depends not only on the parameterization, but also on the loss landscape being optimized
and the metric being used to define the optimal learning rate n*. Weight decay and data augmen-
tation can each improve transfer, but through different mechanisms: weight decay suppresses the
double descent peak, while data augmentation pushes the interpolation threshold beyond the widths
of interest. Yet neither restores transfer fully, as either a residual width dependence of n* remains,
or test performance degrades.

More broadly, our results raise the possibility that learning rate transfer may break down across
other learning transitions (e.g., grokking, emergent capabilities, or task generalization) wherever
the test metric landscape scales differently from the training loss being optimized. Understanding
which conditions are necessary for transfer, and which transitions cause it to fail, is an exciting
direction for future work.
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