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Abstract

We revisit the problem of ensuring strong test-set performance via cross-validation.
Motivated by the generalization theory literature, we propose a nested k-fold cross-
validation scheme that selects hyperparameters by minimizing a weighted sum
of the usual cross-validation metric and an empirical model-stability measure.
The weight on the stability term is itself chosen via a nested cross-validation
procedure. This reduces the risk of strong validation set performance and poor
test set performance due to instability. We benchmark our procedure on a suite
of 13 real-world UCI datasets, and find that, compared to k-fold cross-validation
over the same hyperparameters, it improves the out-of-sample MSE for sparse
ridge regression and CART by 4% on average, but has no impact on XGBoost.
This suggests that for interpretable and unstable models, such as sparse regression
and CART, our approach is a viable and computationally affordable method for
improving test-set performance.

1 Introduction

A central problem in machine learning and data-driven optimization involves constructing models
that reliably generalize well to unseen data. One of the most popular approaches is cross-validation
as introduced by [53, 18], which selects hyperparameters that perform well on a cross-validation set
as a proxy for strong test-set performance. Indeed, this model selection pipeline is advocated by most
machine learning textbooks [e.g. 28, 25]. Moreover, in the statistical learning literature, there is a
broad set of conditions under which the cross-validation loss (possibly with mild corrections) is a
good estimator of the test-set error [41, 32, 29, 40], especially when the sample size is large [34, 11].

At the same time, both theory [e.g. 48, 22] and experiments [e.g. 45, 44, 42, 52, 3] have documented
an adaptivity gap between validation and test-set performance (although not always observed [46, 3]),
especially in settings with limited data. Concretely, a positive adaptivity gap arises when the validation
error is systematically lower than the test set error of a machine learning model.

One explanation for adaptivity gaps is as follows: validation sets give approximately unbiased
estimators of test set performance for a fixed combination of hyperparameters. However, validation
scores are random variables and subject to some variance. Therefore, the act of optimizing the
validation set error risks selecting hyperparameter combinations that disappoint out of sample. In the
extreme case with many hyperparameters relative to the number of samples, the act of optimizing the
(cross) validation error can be viewed as training on the (cross) validation set. This phenomenon is
well documented in different parts of the statistics and optimization literature, where it is variously
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called “post-decision surprise”, “out-of-sample disappointment”, “researcher degree of freedom” or
“the optimizer’s curse” [27, 38, 39, 51, 50, 56]. This raises the question: is it possible to improve the
performance of (cross) validation by combating the adaptivity gap, possibly by selecting models with
a higher validation error and a lower score according to a second metric.

In this work, we propose a strategy for mitigating out-of-sample disappointment and show that
it sometimes improves cross-validation’s performance. Specifically, we propose selecting models
according to a weighted sum of their cross-validation error and their empirical hypothesis stability
(see Section 2.2). This is motivated by the observation that both the cross-validation error and
the hypothesis stability appear in generalization bounds on the test-set error; thus, minimizing the
cross-validation error alone may be vulnerable to selecting high-variance models that perform poorly
out-of-sample.

Our main contributions are threefold. First, we extend a generalization bound on the test set error due
to [11] from leave-one-out to k-fold cross-validation. This generalization bound takes the form of
the cross-validation error plus a term related to a model’s hypothesis stability. Second, motivated by
this (often conservative) bound, we propose regularizing cross-validation by selecting models that
minimize a weighted sum of a validation metric and the hypothesis stability, rather than the validation
score alone, to mitigate out-of-sample disappointment without being overly conservative. Indeed,
models with a low cross-validation error that are stable generalize better than models with a low
cross-validation error that are unstable. Moreover, to select the weight in this scheme, we embed the
entire scheme within a nested cross-validation procedure. Finally, we empirically investigate our
proposal using sparse ridge regression, CART, and XGBoost models, and find that it improves the
out-of-sample performance of sparse ridge regression and CART by 4% on average but has no impact
on XGBoost, likely because XGBoost is a more stable learner.

1.1 Motivating Example: Poor Performance of Cross-Validation for Sparse Linear Regression

We illustrate the pitfalls of cross-validation in a sparse ridge regression setting, as studied by [7, 31, 35].
Suppose we wish to recover a τtrue = 5 sparse regressor which is generated from a stochastic process
according to the following setup [cf. 8]: we fix the number of features p, number of datapoints n,
correlation parameter ρ = 0.3 and signal to noise parameter ν = 1, and generate X,y according to a
data generation procedure standard to the literature and stated in Appendix A for brevity.

Following the standard cross-validation paradigm, we then evaluate the cross-validation error for
each τ and 20 values of γ log-uniformly distributed on [10−3, 103], using the Generalized Benders
Decomposition scheme developed by [7] to solve each MIO to optimality, which is of the form

min
β∈Rp

γ

2
∥β∥22 +

1

2
∥Xβ − y∥22 s.t. ∥β∥0 ≤ τ, (1)

and selecting the hyperparameter combination with the lowest cross-validation error, for both leave-
one-out and five-fold cross-validation.

Figure 1 depicts each hyperparameter combination’s leave-one-out (left) and test (right) error, in
an overdetermined setting where n = 50, p = 10 (top) and an underdetermined setting where
n = 10, p = 50 (bottom). We generate equivalent plots for five-fold cross-validation in Figure 2
(Appendix B) and obtain similar results. In the overdetermined setting, cross-validation performs
well: a model trained by minimizing the LOOCV (resp. five-fold) cross-validation error attains a test
error within 0.6% (resp. 1.1%) of the (unknowable) test minimum. However, in the underdetermined
setting, cross-validation performs poorly: a model trained by minimizing the LOOCV (resp. five-fold)
error attains a test set error 16.4% (resp. 31.7%) larger than the test set minimum and is seven orders
of magnitude larger (resp. one order of magnitude larger) than its LOOCV estimator. This highlights
the danger of optimizing the cross-validation error alone, especially in underdetermined settings.

1.2 Literature Review

From a statistical learning perspective, there is significant literature on quantifying the out-of-sample
performance of models with respect to their training and validation error, originating with the works
by [57] on VC-dimension and [11] on algorithmic stability theory. As noted, for instance, by [1],
algorithmic stability bounds are generally preferable: they are a posteriori bounds with tight constants
that depend on only the problem data. In contrast, VC-dimension bounds are a priori bounds that
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Figure 1: Leave-one-out (LOOCV, left) and test (right) error for varying τ and γ, for an overdeter-
mined setting (top, n = 50, p = 10) and an underdetermined setting (bottom, n = 10, p = 50). In
the overdetermined setting, LOOCV is a good estimate of the test error for most values of parameters
(γ, τ). In contrast, in the underdetermined setting, LOOCV is a poor approximation of the test error,
and estimators that minimize LOOCV (γ → 0, τ = 10) significantly disappoint out-of-sample. Our
conclusions are identical when using five-fold cross-validation (Appendix B).

depend on computationally intractable constants like Rademacher averages. A key conclusion from
both streams of work is that simpler and more stable models, as well as models obtained using less
computational time to cross-validate, tend to disappoint less out-of-sample. We refer to [26, 52, 3]
for more extensive reviews of cross-validation and algorithmic stability.

More recently, the statistical learning theory literature has been connected to the distributionally
robust optimization literature by [2, 1, 22, 21, 23] among others. Indeed, [1] proposes solving
newsvendor problems by designing decision rules that map features to an order quantity and obtain
finite-sample guarantees on out-of-sample costs of newsvendor policies in terms of in-sample cost.

Even closer to our work, [22] proposes correcting solutions to high-dimensional problems by invoking
Stein’s lemma to obtain a Stein’s Unbiased Risk Estimator (SURE) approximation of the out-of-
sample disappointment and demonstrates that minimizing their bias-corrected training objective
generates models that outperform sample-average approximation models out-of-sample. Moreover,
they demonstrate that a naive implementation of leave-one-out cross-validation performs poorly in
settings with limited data. Building upon this work, [23] proposes debiasing a model’s in-sample
performance by incorporating a variance gradient correction term derived via sensitivity analysis.
Unfortunately, it is unclear how to extend their approach to the setting considered here, as it applies
to problems with linear objectives over subsets of [0, 1]n.

2 Stability Adjusted Cross-Validation

In this section, we propose techniques for improving the performance of cross-validation. First, we
define our notation (Section 2.1) and propose a bound on the test set error of a machine learning
model in terms of its k-fold error and algorithmic stability, which was originally proven for the special
case of leave-one-out cross-validation by [11] (Section 2.2). By leveraging this bound, we propose a
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technique for improving the performance of cross-validation, namely nested cross-validation with
stability regularization (Section 2.3)

2.1 Setup and Notation

We consider a generic k-fold cross-validation setting for supervised learning problems with n
datapoints, and our notation is standard to the machine learning literature. Concretely, we have
features (x1, . . . ,xn) ∈ Xn ⊆ Rp×n and response (y1, . . . , yn) ∈ Yn ⊆ Rn, and we assume that
the data (xi, yi)i∈[n] ∈ X × Y are drawn i.i.d. from some (unknown) stochastic process. We aim to
understand how abstract models β : X → Y trained on the full dataset (X,y) generalize to other
observations from the same stochastic process, by studying β and related models β(Nj) : X → Y
trained on all data apart from the points i ∈ Nj . We formalize the notion of generalization with a loss
function ℓ : Y × Y → R+, e.g., ℓ(ŷ, y) = (ŷ − y)2. We let {Nj}j∈[k] be a partition of the integers
[n] into k disjoint subsets, where k is frequently either 5, 10 (five-fold and ten-fold cross-validation)
or n (leave-one-out cross-validation), and the cardinality of each fold Nj is typically identical.

To make the dependence of our abstract models β on hyperparameters explicit, we let θ ∈ Θ be
the vector of all hyperparameters that are used to select β, and Θ denote the set of all possible
hyperparameter combinations. We define an abstract model trained using hyperparameters θ by
β(θ) for concreteness and assume that this choice is unique for simplicity1. Finally, at the risk of
overloading notation, we let, β(θ,xi) ∈ Y denote the output predicted by model β(θ) with data xi.

Given the above notation, the k-fold cross-validation error with hyperparameters θ is given by2:

h(θ) =
1

n

k∑
j=1

∑
i∈Nj

ℓ
(
yi, β

(Nj)(θ,xi)
)

(2)

Moreover, for each j ∈ [k], we let the jth partial k-fold error be:

hj(θ) :=
∑
i∈Nj

ℓ
(
yi, β

(Nj)(θ,xi)
)
. (3)

Therefore, the average k-fold error is given by 1/n
∑k

j=1 hj(θ) = h(θ).

We now define the stability of our models, following [11]. Specifically, let µh be the hypothesis
stability of our learner analogously to [11, Definition 3] but where k < n folds are possible:

µh := max
j∈[k]

Exi,yi

∣∣∣ℓ(yi, β(Nj)(θ,xi)
)
− ℓ (yi, β(θ,xi))

∣∣∣ , (4)

where the expectation is taken over all (xi, yi) drawn i.i.d. from the underlying stochastic process
that generated the training set. This quantity measures the worst-case average absolute change in the
loss after omitting a fold of data.

Unfortunately, the hypothesis stability involves computing a possibly high-dimensional expectation
and thus is #P-hard to compute in general (even when β(θ) is computable in polynomial time)
by reduction from two-stage stochastic programming with random recourse [24, 6]. Moreover, the
stochastic process which (xi, yi) is drawn from is often unknown in practice, and thus cannot be
computed even with the help of Monte-Carlo simulation or similar techniques to evaluate high-
dimensional integrals. Indeed, we have the following result:

Proposition 1. Determining the quantity µh in (4) is #P-hard, i.e., at least as hard as computing the
number of optimal solutions to an NP-complete problem, even for the simple case of a binary loss
function and i.i.d. discrete random data (xi, yi).

Proof. We perform a reduction from Bertsimas and Sturt [6, Corollary 2.1], where the authors report
that if X1, . . . , Xn are i.i.d. discrete random variables with support containing at least n distinct

1Relaxing this assumption leads to a notion of Pareto Cross-Validation analogous to Pareto-optimal Benders
cuts as described by [37] and Pareto robust optimization as described by [33]. We leave this for future work.

2We could also consider average over all
(
n
k

)
folds of size k for accuracy. We leave this for future work.
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values, then computing P(
∑

i Xi ≤ α) is #P-hard. Specifically, let the problem data and lower level
training problem be such that

ℓ(yi,β
(Nj)(θ,xi)) = 1

 ∑
i∈[n]\Nj

∑
l∈[p]

xi,j ≤ α


and

ℓ(yi,β(θ,xi)) = 1

∑
i∈[n]

∑
l∈[p]

xi,j ≤ α

 .

Thus, if µh were not #P-hard then P(
∑n

i=1 Xi ≤ α) would also not be #P-hard, a contradiction.

Thus, to avoid the cost of computing the potentially unknowable and #P-hard quantity µh, in our
computations we approximate (4) via the empirical hypothesis stability analogously to [11, Definition
3] but where k < n folds are possible:

µ̂h := max
j∈[k]

1

n

n∑
i=1

∣∣∣ℓ(yi, β(Nj)(θ,xi)
)
− ℓ (yi, β(θ,xi))

∣∣∣ . (5)

This can be viewed as a sample-average approximation of the hypothesis stability [see 49, for a
general theory], and thus it converges almost surely to the true hypothesis stability as n→∞ under
the usual assumptions of the sample-average-approximation method [49].

We remark that the above empirical hypothesis stability differs from the pointwise hypothesis stability
defined by [11, Definition 4] as we average over all data points, rather than only data points omitted
when training β(Nj). This is because the pointwise stability only gives generalization bounds on the
training error [11], while we are interested in bounds on the kCV error.

2.2 Generalization Bound

By combining our definitions and notation, letting M represent an upper bound on the loss
ℓ(β(θ,xi), yi) for any model β(θ) and any datapoint (xi, yi) (e.g., if (xi, yi) are drawn from
a bounded domain), and letting S denote a test set of observations drawn from the same distribution
as our training set (but not seen by the model), the following result follows from Chebyshev’s
inequality (proof deferred to Section B.1):
Theorem 1. Suppose the training data (xi, yi)i∈[n] are drawn from an unknown distribution D such
that M and µh are finite constants. Further, suppose n is exactly divisible by k and each Nj is of
cardinality n/k. Then, the following bound on the test error holds with probability at least 1− Ω:

1

|S|
∑
i∈S

ℓ (yi, β(θ,xi)) ≤
1

n

∑
j∈[k]

hj(θ) +

√
M2 + 6Mkµh

2kΩ
. (6)

Remark 1 (To Train or to Validate in (6)). A similar bound to (6) can be derived using the empirical
risk instead of kCV [11, Theorem 11]. However, this bound has a larger constant (12 instead of 6)
and still involves the expensive pointwise hypothesis stability defined by [11].

Theorem 1 reveals that, if the number of folds k increases with n, M is finite, and the hypothesis
stability µh decreases with n, then the kCV error generalizes to the test set with high probability as n
becomes large. Moreover, when models have the same cross-validation error, hypothesis stability,
and loss bound M , training on more folds results in a stronger generalization bound.

We remark that Theorem 1 implicitly justifies the use of regularization in machine learning, because
regularization implicitly controls the hypothesis stability µh, leading to better generalization proper-
ties when µh is lower. Indeed, Bousquet and Elisseeff [11, Theorem 22] provides a result formalizing
this notion in the context of supervised learning for Reproducing Kernel Hilbert Spaces.

Unfortunately, in preliminary experiments, we found that Equation (6)’s bound is often excessively
conservative in practice, especially when n≫ p. This conservatism stems from using Chebyshev’s
inequality in the proof of Theorem 1, which is known to be tight for discrete measures but excessively
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conservative over continuous measures [5], especially unimodal continuous measures [55]. Thus,
motivated by the robust optimization literature, where probabilistic guarantees are used to motivate
uncertainty sets but less stringent guarantees are used in practice to avoid excessive conservatism [see
20, Section 3, for a discussion], we leverage Theorem 1 to propose a new approach to cross-validation
in the rest of this section.

2.3 Stability Regularization and Nested Cross-Validation

Motivated by the idea that more stable models are less likely to disappoint out-of-sample (Theorem
1), we propose selecting models that minimize a weighted sum of the kCV error and the hypothesis
stability. This corresponds to selecting θ through the optimization problem

θ ∈ argmin
θ∈Θ

1

n

∑
j∈[k]

hj(θ) + λµh(θ). (7)

Notably, this procedure still requires a hyperparameter λ, which the user must select. Accordingly, we
invoke nested cross-validation, which has been empirically shown to be significantly less vulnerable
to out-of-sample disappointment than regular cross-validation [13, 3]. We perform an outer loop over
candidate λ values. For each λ, we run an inner (nested) k-fold cross-validation: on each fold, train a
model with that λ (using the remaining folds with stability regularization) and measure its validation
error. We then choose the λ that yields the lowest average inner validation error across the k folds.

Specifically, let Nj,l := Nj ∪Nl denote the data contained in the jth or lth fold of the training set.
Then, we select λ by solving

λ ∈ argmin
λ∈Λ

∑
j∈[k]

∑
i∈Nj

ℓ(yi,β
(Nj)(θ⋆

j ,xj)), (8)

where β(Nj)(θ⋆
j ) denotes a model trained on all data but the fold Nj with hyperparameters θ⋆

j , and
θ⋆
j denotes an optimal solution to the following lower-level problem, which cross-validates θ with

the jth fold of the data omitted and λ fixed:

θ⋆
j ∈ argmin

θ∈Θ

1

n− |Nj |
∑

l∈[k]:l ̸=j

∑
i∈Nl

ℓ(yi,β
(Nj,l)(θ)) + λµh(θ),

where µh(θ) is calculated without reference to the jth fold of the data in this case. This corresponds
to selecting λ in a manner that ensures that models θ⋆

j perform well on average, as in the standard
nested cross-validation paradigm.

Finally, once λ is selected, we fix λ and select θ by minimizing (7). This selects models that are
robust to omitting one fold of the data, and tend to perform well out-of-sample as estimated by the
nested cross-validation procedure, at the price of increasing the cost of hyperparameter selection. For
completeness, we formalize this procedure in Algorithm 1 (see Appendix C).

We acknowledge that even nested CV errors are optimistically biased estimates (as ordinary CV
errors are). However, various authors [13, 3, 4] and our experiments indicate that the nested CV error
is a more accurate estimator of test performance than the standard CV error. We view our nesting
approach as a practical improvement over the status quo, while leaving room for future refinements.

3 Numerical Experiments

In this section, we evaluate the numerical performance of the nested regularized cross-validation
scheme proposed in Section 2. All experiments in this section were implemented in Julia version
1.9, using Mosek version 11.0 to solve all conic optimization problems, and conducted on a standard
MacBook Pro laptop with a 36 GB Apple M3 CPU and 36 GB main memory.

3.1 Ridge Regularized Best Subset Selection

We now benchmark our proposed nested cross-validation scheme on sparse regression for a suite
of commonly studied real-world datasets. Specifically, we benchmark a cyclic coordinate descent
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scheme for ℓ0–ℓ22 sparse regression, where we repeatedly solve the following lower-level problem for
different values of the sparsity parameter τ and the regularization hyperparameter γ

min
β∈Rp,z∈{0,1}p

1

2
∥Xβ − y∥22 +

1

2γ

p∑
j=1

β2
j

zj
s.t.

p∑
j=1

zj ≤ τ,

using the greedy rounding algorithm described by [59, 9] to obtain near-optimal solutions in a
practically tractable amount of time. In particular, we iteratively minimize the k-fold cross-validation
error with respect to τ (with γ fixed) and with respect to γ (with τ fixed) until we either cycle
or exceed a limit of 10 iterations. After converging, we fit a model to the full dataset with the
hyperparameters (τ⋆, ntrainγ

⋆/n), where ntrain is the number of observations with one fold of the data
left out as in [36], to account for the extra fold when fitting a model to the full dataset. Moreover,
we perform the same procedure for nested k-fold cross-validation with stability regularization. Note
that for our cyclic coordinate descent schemes, we set the largest permissible value of τ such that
τ log τ ≤ n, because Gamarnik and Zadik [17, Theorem 2.5] demonstrated that, up to constant terms
and under certain assumptions on the data generation process, on the order of τ log τ observations are
necessary to recover a sparse model with binary coefficients. In preliminary experiments, we relaxed
this requirement to τ ≤ p and found that this did not change the optimal value of τ . Moreover, we
use a grid size of 20 values of γ log-uniformly distributed over {10−3, 103}.
We compare against the following methods as a benchmark, using in-built functions to approximately
minimize the cross-validation loss, and subsequently fit a regression model on the entire dataset with
these cross-validated parameters. Note, however, that we are mainly interested in the performance of
sparse ridge regression with and without stability regularization. For all methods, we use five folds:

• The ElasticNet method in the GLMNet package, with grid search on their parameter
α ∈ {0, 0.1, 0.2, . . . , 1}.

• The Minimax Concave Penalty (MCP) and Smoothly Clipped Absolute Deviation Penalty
(SCAD) as implemented in the R package ncvreg, using the cv.ncvreg function and
default parameters.

• The L0Learn.cvfit method implemented in the L0Learn R package [cf. 30], with a grid
of 10 different values of γ and default parameters otherwise.

For each dataset, we repeat the following procedure ten times to reduce the variance of our results:
we randomly split the data into 90% training/validation data and 10% testing data, and report the
average sparsity of the cross-validated model, the method’s estimate of the MSE (kCV or nested
kCV error) and the average test set MSE (using the same splits for all methods to reduce variance).
We also report summary statistics in terms of the average percentage improvement of the nested
procedure compared to the MSE without nesting, in order that each dataset is weighted equally. For
each method, we retrain on the full training/validation dataset after cross-validation.

Table 1 depicts the dimensionality of each dataset, the average k-fold cross-validation error (“CV”)
or nested k-fold cross-validation error (“nCV”), the average test set error (“MSE”), and the sparsity
attained by our coordinate descent scheme without any stability regularization or nesting (kCV),
our cyclic coordinate descent with nested stability-adjusted cross-validation (nested-kCV), and the
performance of MCP on each dataset. We also report summary statistics in terms of the average
percentage improvement of the nested procedure compared to the MSE without nesting, so each
dataset is weighted equally. We remark that the average (geometric mean over the average for each
dataset) runtime was 14.8 seconds for sparse regression, 592 seconds for sparse regression with
nesting, and under 1 second for all other methods. Table 4 (Appendix E) also shows to performance
of other methods from the literature (SCAD, GLMNet, and L0Learn) in the same datasets.

We measure the improvement from nested cross-validation vs. k-fold cross-validation by computing
the average MSE across each dataset, normalizing by the MSE of k-fold cross-validation on that
dataset to compute a percentage improvement across each dataset, and then taking the geometric mean
across all datasets (to account for the fact that percentage improvement is an asymmetric measure).

We observe that across the overdetermined datasets, nested cross-validation improves the out-of-
sample MSE of sparse regression by 10.0% on average, while across the underdetermined datasets
it worsens the out-of-sample MSE by 5.92% on average, for an overall improvement of 4.85% on
average. Moreover, the nested kCV error is, on average, 0.9% smaller than the test set error for the
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Dataset n p kCV nested-kCV MCP

τ CV MSE τ nCV MSE τ CV MSE

Wine 6497 11 9.3 0.544 0.543 9.3 0.545 0.542 11 0.543 0.542
Housing 506 13 11 23.60 23.68 11 23.73 23.70 11 23.79 23.66
Auto-MPG 392 25 18.5 8.524 8.608 18 8.647 8.703 18.7 9.051 8.828
Hitters 263 19 11.7 0.076 0.082 14.7 0.080 0.080 11.5 0.077 0.082
Prostate 97 8 5.1 0.529 0.559 4.8 0.571 0.549 7.1 0.570 0.552
Servo 167 19 13.8 0.746 0.771 15.4 0.795 0.715 12 0.752 0.705
Toxicity 38 9 3.8 0.037 0.054 3.8 0.044 0.057 2.7 0.050 0.060
Steam 25 8 2.8 0.404 0.467 2.8 0.565 0.426 2.7 0.511 0.684
Alcohol2 44 21 3.6 0.210 0.472 2.7 0.266 0.229 2.1 0.232 0.273

Avg. - - 8.84 3.853 3.916 9.17 3.916 3.889 8.76 3.953 3.932
Std. dev - - 5.41 7.886 7.895 5.928 7.918 7.927 5.56 7.908 7.910

TopGear 242 373 41.3 0.037 0.050 34.9 0.055 0.062 8.1 0.057 0.066
Bardet 120 200 23.5 0.007 0.010 25.3 0.009 0.010 5.3 0.009 0.011
Vessel 180 486 28.8 0.016 0.027 29.2 0.024 0.027 2.7 0.036 0.036
Riboflavin 71 4088 13.4 0.163 0.299 13.8 0.269 0.297 7.5 0.319 0.229

Avg. - - 26.75 0.056 0.096 25.80 0.089 0.099 5.90 0.105 0.085
Std. dev - - 11.62 0.072 0.136 8.92 0.121 0.134 2.45 0.098 0.098

Table 1: Average performance of methods across a suite of real-world datasets where the ground
truth is unknown (and may not be sparse), sorted by how overdetermined the dataset is (n/p), and
separated into the underdetermined and overdetermined cases. We also report standard deviations
across the underdetermined and overdetermined datasets.

stability-adjusted method, while the kCV error is on average 21.8% smaller than the test set error
for sparse ridge regression. This is especially visible for the most underdetermined datasets (Vessel
and Riboflavin), where the kCV error for sparse ridge regression is significantly lower than all other
methods, but this does not translate to better out-of-sample performance. In contrast, the nested kCV
error is a substantially more accurate estimator of the test-set error.

3.2 Tree-Based Methods

We now empirically validate our nested cross-validation scheme on a suite of tree-based methods, for
the same datasets as those studied in the previous section. The goal of this section is to establish that
stability-regularization also improves the performance of tree-based methods.

We benchmark cyclic coordinate descent for the following two methods:

• A Julia implementation of CART [12] via the DecisionTree.jl package, where we
iteratively optimize the 5-fold and nested 5-fold cross-validation error with respect to the
tree depth over a grid of the integers {1, . . . , 10} and the min_samples parameter over a grid
of the integers {2, . . . , 10}, with the tree depth initially fixed to 5 for both approaches. Note
that the DecisionTree.jl package holds all unspecified parameters to their default values,
and thus all remaining CART parameters will take default parameters in this experiment.

• A Julia implementation of XGBoost [14] via the XGBoost.jl package, where we iteratively
optimize the 5-fold and nested 5-fold cross-validation error with respect to the max_depth
parameter over a grid of the integers {1, . . . , 10} and the subsample parameter over the
grid3 {0.01, 0.02, 0.03, . . . , 1.0}, with the tree depth initially fixed to 5 for both approaches.

Table 2 depicts the dimensionality of each dataset, the average k-fold cross-validation error (“CV”) or
nested k-fold cross-validation error (“nCV”), and the average test set error (“MSE”), with and without
nested cross-validation. For both methods, the first two columns correspond to the performance of
k-fold cross-validation, and the second two correspond to nested stability-adjusted cross-validation.

3We initially tried increments of 0.05, where XGBoost selected identical hyperparameters with/without
stability regularization.
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As in the previous experiment, we measure the improvement from nested cross-validation vs. k-fold
cross-validation by computing the average MSE across each dataset, normalizing by the MSE of
k-fold cross-validation on that dataset to compute a percentage improvement across each dataset,
and then taking the geometric mean across all datasets (to account for the fact that percentage
improvement is an asymmetric measure). The average (geometric mean over averages for each
dataset) runtime was 5.1s (resp. 285.8s) seconds for XGBoost without (with) nesting, and < 0.01s
(resp. < 0.01s) for CART with/without nesting.

Dataset n p CART XGBoost

CV MSE nCV MSE CV MSE nCV MSE

Wine 6497 11 0.534 0.530 0.539 0.527 0.422 0.406 0.429 0.406
Housing 506 13 19.149 20.33 20.03 20.35 12.83 12.95 14.30 12.95
Auto-MPG 392 25 14.93 17.09 16.83 17.34 10.37 11.98 11.23 11.28
Hitters 263 19 0.046 0.059 0.052 0.059 0.035 0.039 0.038 0.039
Prostate 97 8 0.691 0.803 0.780 0.814 0.545 0.672 0.609 0.667
Servo 167 19 0.314 0.403 0.390 0.394 0.18 0.163 0.217 0.163
Toxicity 38 9 0.078 0.102 0.089 0.101 0.066 0.074 0.079 0.075
Steam 25 8 1.230 1.067 1.542 1.069 0.844 1.251 0.991 1.282
Alcohol2 44 21 0.756 0.966 0.798 0.874 0.886 1.054 0.980 1.054

Avg. - - 4.192 4.596 4.561 4.614 2.908 3.176 3.208 3.101
Std. dev - - 7.369 8.053 7.915 8.109 5.483 5.287 4.796 5.144

TopGear 242 373 0.077 0.083 0.087 0.086 0.050 0.044 0.062 0.044
Bardet 120 200 0.016 0.018 0.017 0.020 0.012 0.016 0.013 0.016
Vessel 180 486 0.083 0.216 0.113 0.158 0.136 0.097 0.16 0.097
Riboflavin 71 4088 0.637 1.302 0.701 1.046 0.364 0.450 0.436 0.479

Avg. - - 0.203 0.405 0.168 0.328 0.140 0.151 0.168 0.159
Std. dev - - 0.291 0.604 0.317 0.483 0.189 0.202 0.158 0.202

Table 2: Average performance of methods across a suite of real-world datasets where the ground
truth is unknown (and may not be sparse), sorted by how overdetermined the dataset is (n/p), and
separated into the underdetermined and overdetermined cases. For both methods, the first two
columns correspond to the performance of k-fold cross-validation, and the second two correspond to
nested stability-regularized cross-validation.

We observe that for XGBoost, there is no benefit to the nested cross-validation procedure (average
improvement of −0.3%), and we select the same hyperparameters whether or not we account for
stability via nested cross-validation on 91.5% of instances. This is likely because XGBoost generates
stable models by default (i.e., omitting one fold of the data hardly changes its predictions) and thus
explicitly accounting for model stability does not improve its performance.

However, there is a significant benefit to nested cross-validation for CART: it improves the out-of-
sample MSE by 4.1% on average, with a 1.2% average improvement on overdetermined datasets,
and a 11.1% average improvement on underdetermined datasets. Moreover, the average test set
MSE is within 7.4% of the average nested cross-validation error for CART (and 5.0% for XGBoost),
vs. 27.2% inaccurate for k-fold cross-validation (and 8.19% for XGBoost), and thus nested cross-
validation also significantly reduces out-of-sample disappointment.

4 Conclusion

In this work, we proposed a new approach to hyperparameter selection, namely selecting hyperpa-
rameters that minimize a weighted sum of the cross-validation error and the empirical hypothesis
stability, with the weight in the weighted sum selected via a nested cross-validation procedure. Across
a suite of real-world datasets, our approach improves the out-of-sample MSE by 4% on average for
sparse ridge regression and CART, although it does not improve the performance of XGBoost. It also
dramatically reduces the amount of out-of-sample disappointment experienced by the user.

Future work could involve developing a tighter bound on the test set error than the bound derived by
[11], by controlling more moments of hypothesis stability. Indeed, [5] reports that controlling more
moments of a pseudodistribution provides strictly tighter probabilistic guarantees on a quantity. It
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would also be interesting to investigate the performance of our nested cross-validation procedure
across a broader range of machine learning and operations contexts (e.g., neural networks), and to
more extensively quantify the role that algorithmic stability plays in out-of-sample performance.
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A Data Generation Process for Heatmaps

Our data generation process for the motivating example follows the data generation process used by
[8] and is as follows:

1. The rows of the model matrix are generated iid from a p-dimensional multivariate Gaussian
distribution N (0,Σ), where Σij = ρ|i−j| for all i, j ∈ [p].

2. A “ground-truth" vector βtrue is sampled with exactly τtrue non-zero coefficients. The position
of the non-zero entries is randomly chosen from a uniform distribution, and the value of the
non-zero entries is either 1 or −1 with equal probability.

3. The response vector is generated as y = Xβtrue + ε, where each εi is generated iid from a
scaled normal distribution such that

√
ν = ∥Xβtrue∥2/∥ε∥2.

4. We standardize X,y to normalize and center them.

5. We generate a separate test set of ntest = 10, 000 observations drawn from the same
underlying stochastic process to measure test set performance, and normalized using the
same coefficients as the training set.

B Heatmaps From Globally Minimizing Five-Fold Cross-Validation Error

We now revisit the problem setting considered in Figure 1, using five-fold rather than leave-one-out
cross-validation (Figure 2). Our conclusions remain consistent with Figure 1.

Figure 2: Five-fold (left) and test (right) error for varying τ and γ, for the overdetermined setting
(top, n = 50, p = 10) and an underdetermined setting (bottom, n = 10, p = 50) considered in Figure
1. In the overdetermined setting, the five-fold error is a good estimate of the test error for most
values of parameters (γ, τ). In contrast, in the underdetermined setting, the five-fold error is a poor
approximation of the test error, and the estimator that minimizes the five-fold error (γ = 6.15, τ = 5)
significantly disappoint out-of-sample.
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B.1 Proof of Theorem 1

Proof. The result follows analogously to [11, Theorem 11]; the main novelty in this proof compared
to [11, Theorem 11] is the use of a more general notion of hypothesis stability. In particular, Bousquet
and Elisseeff [11]’s definition is sufficient to derive the result for leave-one-out, but not for k-fold.

LetR := 1
|S|ℓ(yi,β(θ,xi)) denote the average test set error on an unseen observation, andRCV :=

1
n

∑
j∈[k] hj(θ) denote the average k-fold cross-validation error. Further, let E[ℓ(AS , z)] denote the

expected generalization error of a regressor trained on a training set S and evaluated on an example
z = (xi, yi) drawn from the same distribution but not included in the test set. Let z′ denote an
independent draw to z, and S(Nj) denote a training set with the jth fold of the data omitted.

Then, analogously to [11, Lemma 9], letting i ̸= j, one can show that
E[(R−RCV )

2] ≤ ES,z,z′ [ℓ(AS , z)ℓ(AS , z
′)]− 2ES,z[ℓ(AS , z)ℓ(AS(Ni) , zi)] (9)

+
n− n/k

n
ES [ℓ(AS(Ni) , zi)ℓ(AS(Nj) , zj)] +

M

k
ES [ℓ(AS(Ni) , zi)]

=
1

k
ES [ℓ(AS(Ni) , zi)(M − ℓ(AS(Nj) , zj)] (10)

+ ES,z,z′ [ℓ(AS , z)ℓ(AS , z
′)− ℓ(AS , z)ℓ(AS(Ni) , zi)]

+ ES,z,z′ [ℓ(AS(Ni) , zi)ℓ(AS(Nj) , zj)− ℓ(AS , z)ℓ(AS(Ni) , zi)]

= I1 + I2 + I3,

where we let I1, I2, I3 stand for the terms in the first, second, and third lines of the right-hand side.

Further, it follows directly from Schwarz’s inequality [see also 11, pp. 522] that I1 ≤ M2

2k and it
follows analogously to [11, pp. 522] that I2 + I3 ≤ 3Mµh. Therefore, we have that

E[(R−Rcv)
2] ≤ M2

2k
+ 3Mµh.

Finally, the result follows from Chebyshev’s inequality.

C Pseudocode for Nested Stability-Regularized Cross-Validation

D Dataset Description

We use a variety of real datasets from the literature in our computational experiments. The information
of each dataset is summarized in Table 3. Note that we increased the number of features on selected
datasets by including second-order interactions.

Our sources for these datasets are as follows:

• Four UCI datasets: Auto-MPG, Housing, Servo, and Wine. We obtained these datasets from
the online supplement to [19].

• The alcohol dataset distributed via the R package robustbase. Note that we increased
the number of features for this dataset by including second-order interactions.

• The bardet dataset provided by [60].
• The hitters Kaggle dataset, after preprocessing the dataset to remove rows with any

missing entries, and transforming the response by taking log(Salary), as is standard when
predicting salaries via regression.

• The Prostate dataset distributed via the R package ncvreg.
• The Riboflavin dataset distributed by the R package hdi.
• The steamUse dataset provided by [47].
• The topgear dataset provided by [10].
• The toxicity dataset provided by [47].
• The vessel dataset made publicly available by [15].
• The wing dataset made publicly available by [58]
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Algorithm 1: Stability-regularized nested k-fold cross-validation for model selection
Input: dataset {(xi, yi)}i∈[n] ∈ X × Y; number of folds k; learning algorithm β; loss function

ℓ : Y × Y → R+; hyper-parameter gridH; stability grid Λ
Output: outer scores {s1, . . . , sK}, chosen weight λ, chosen hyper-parameters h⋆

Randomly partition dataset into k disjoint partitions indexed by N1, . . . ,NK

for λ ∈ Λ do
// Stability weight loop

for t← 1 to k do
// outer loop to evaluate λ

Douter ← {(xi, yi)}i∈Nt

Drest ← {(xi, yi)}i∈[n]\Nt

// inner loop: hyper-parameter search
foreach h ∈ H do

β(Nt)(h)← fit_model(Drest, h)
for t2 ← 1 to k : t ̸= t2 do
Dtrain{(xi, yi)}i∈[n]\Nt∪Nt2

Dval ← {(xi, yi)}i∈Nt2

β(Nt∪Nt2 )(h)← fit_model(Dtrain, h)

st2(h)← 1
|Nt2 |

∑
i∈Nt2

ℓ(yi,β
(Nt∪Nt2 )(h,xi))

µ(h)←
max(µ(h), 1

|n−|Nt|
∑

i∈[n]\Nt

∣∣ℓ (yi,β(Nt∪Nt2 )(h,xi)
)
−

(
yi,β

(Nt)(h,xi)
)∣∣

s̃(h)← 1

L

∑
t2
st2(h)

// mean inner kCV score
h⋆
λ ← argminh∈H s̃(h) + λ · µ(h) // pick best regularized score

mλ,t ←
∑

i∈Nt
ℓ(yi,β

(Nt)(h⋆
λ,xi))

// Evaluate performance of optimized model on remaining fold

m̄λ ←
1

n

∑k
t=1 mλ,t

// Estimated performance with regularization λ
λ⋆ ← argminλ∈Λ m̄λ

// Find best λ out-of-sample
foreach h ∈ H do

// Now do regularized k-fold CV
β(h)← fit_model({(xi, yi)}i∈[n], h)
foreach t ∈ [k] do

β(Nt)(h)← fit_model({(xi, yi)}i∈[n]\Nt
, h)

st(h)← 1
|Nt|

∑
i∈Nt

ℓ(yi,β
(Nt)(h,xi))

µ(h)← max(µ(h), 1
n

∑
i∈[n]

∣∣ℓ (yi,β(Nt)(h,xi)
)
− (yi,β(h,xi))

∣∣
h⋆ ← argminh∈H

1
n

∑
t∈[k] st(h) + λ⋆µ(h)

return minλ∈Λ(m̄λ), λ
⋆, h⋆

E Supplementary Results for Sparse Ridge Regression
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Dataset n p Notes Reference

Wing 701 38 [58]
Housing 506 13 [19]
Wine 6497 11 [16]
AutoMPG 392 25 [43]

Hitters 263 19 Removed rows with missing data Kaggle
y = log(salary)

Prostate 97 8 R Package ncvreg
Servo 167 19 One-hot encoding of features [54]
Toxicity 38 9 [47]
SteamUse 25 8 [47]
Alcohol2 44 21 2nd order interactions added [47]

TopGear 242 373 [10]
BarDet 120 200 [60]
Vessel 180 486 [15]
Riboflavin 71 4088 R package hdi

Table 3: Real datasets used.

Dataset n p SCAD GLMNet L0Learn

τ CV MSE τ kCV MSE τ CV MSE

Wine 6497 11 11 0.543 0.542 11 0.542 0.542 11 0.542 0.542
Housing 506 13 11.2 24.34 23.69 12.1 23.33 23.79 11 23.48 23.61
Auto-MPG 392 25 17.3 8.894 9.028 19.6 8.705 8.880 15.7 8.766 8.979
Hitters 263 19 12.1 0.083 0.085 12.2 0.075 0.080 8.9 0.077 0.082
Prostate 97 8 6.7 0.529 0.557 6.9 0.508 0.569 3.2 0.511 0.547
Servo 167 19 12.3 0.707 0.706 15.8 0.676 0.709 11.3 0.687 0.735
Toxicity 38 9 3.5 0.044 0.055 6.1 0.038 0.054 3.2 0.032 0.063
Steam 25 8 2.9 0.485 0.504 4.1 0.450 0.497 4.4 0.493 0.428
Alcohol2 44 21 2.4 0.249 0.271 5.8 0.222 0.240 7.4 0.200 0.287

Avg. Overdet - - 8.82 3.986 3.937 10.40 3.839 3.929 8.46 3.865 3.919
Std. dev. Overdet - - 5.18 8.139 7.942 5.146 7.975 7.964 4.280 8.139 7.915

TopGear 242 373 9.8 0.053 0.063 31.8 0.044 0.048 44.1 0.050 0.060
Bardet 120 200 9.4 0.009 0.009 32.8 0.007 0.009 35.9 0.007 0.009
Vessel 180 486 9.7 0.034 0.037 40.0 0.018 0.021 14.5 0.023 0.025
Riboflavin 71 4088 16.3 0.331 0.358 88.8 0.195 0.276 39.3 0.205 0.352

Avg. Underdet - - 11.30 0.106 0.117 48.35 0.066 0.088 33.45 0.071 0.112
Std. Dev. Underdet - - 3.39 0.144 0.162 27.22 0.151 0.126 13.07 0.091 0.162

Table 4: Results from Table 1 (continued).

NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We would like to refer to sections 2, 3 and 4
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.
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• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We would like to refer to section 2, section 3 and section 4
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: We would like to refer to Section 2 and Appendix B.1
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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Answer: [Yes]
Justification: We would like to refer to Section 3
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: The main contribution of the paper lies in the theory and methodology for
improving the performance of cross-validation. All algorithms and details on experiments
are present in the paper.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
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• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We would like to refer to Section 3
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We confirm that we report standard deviations for all results averaged over in
tables. We also highlight in the abstract and introduction that our results are averaged over
13 real-world datasets.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
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Justification: We would like to refer to the description of the computational resources at the
beginning of Section 3

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have verified that we follow all items in the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: there is no societal impact of the work performed, because the paper proposes
new techniques for improving the performance of cross-validation, rather than any direct
societal impact.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).
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11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: the paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [NA]
Justification: the paper does not use existing assets.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: the paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.
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• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The answer NA means that the paper does not involve crowdsourcing nor
research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: the paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: LLMs were not used in any part of the paper.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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