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1. Introduction

at epoch 100, and NAS-Bench-101 only contains the accuracies at epochs 4, 12, 36, and 108 (allowing single-fidelity
or very constrained multi-fidelity approaches). NAS-Bench201 does allow queries on the entire learning curve, but it
is smaller in size (6 466) than NAS-Bench-101 (423 624)
or NAS-Bench-301 (1018 ). In particular, learning curve
extrapolation (LCE) [3, 1] and other multi-fidelity techniques [14, 7] have been under-utilized by the NAS community in recent years.

In the past few years, algorithms for neural architecture
search (NAS) have been used to automatically find architectures that achieve state-of-the-art performance on various
datasets. In 2019, there were calls for reproducible and fair
comparisons within NAS research [15, 16] due to both the
lack of a consistent training pipeline between papers and
experiments with not enough trials to reach statistically significant conclusions. These concerns spurred the release of
tabular benchmarks, such as NAS-Bench-101 [25] and NASBench-201 [4], created by fully training all non-isomorphic
architectures in search spaces of size 423 000 and 6 466, respectively. These benchmarks allow researchers to easily
simulate NAS experiments, making it possible to quickly
run fair NAS comparisons and to run enough trials to reach
statistical significance at very little computational cost [9].
Recently, to extend the benefits of tabular NAS benchmarks
to larger, more realistic NAS search spaces which cannot be
evaluated exhaustively, it was proposed to construct surrogate NAS benchmarks. The first such surrogate benchmark is
NAS-Bench-301 [21], which was created by training 60 000
architectures from the DARTS [17] search space, and then
fitting a surrogate model which can be used to estimate the
performance of all 1018 architectures in the DARTS search
space. Since 2019, dozens of papers have used these NAS
benchmarks to develop new algorithms.
A downside of these benchmarks is that the main type
of algorithms that can be benchmarked are single fidelity
algorithms: when the NAS algorithm chooses to evaluate
an architecture, the architecture is fully trained and only
the final validation accuracy is outputted. This is because
NAS-Bench-301 only contains the architectures‘ accuracy

In this work, we fill in this gap by releasing NASBench-111, NAS-Bench-311, and NAS-Bench-NLP11, surrogate benchmarks with full learning curve information for
train/validation/test loss and accuracy for all architectures,
significantly extending NAS-Bench-101, NAS-Bench-301,
and NAS-Bench-NLP [13], respectively. With these benchmarks, researchers can easily incorporate multi-fidelity techniques, such as early stopping and LCE into their NAS algorithms. Our technique for creating these benchmarks can be
summarized as follows. We use a training dataset of architectures (drawn randomly and chosen by top NAS methods)
with good coverage over the search space, along with full
learning curves, to fit a model that predicts the full learning curves of the remaining architectures. We employ three
techniques to fit the model: (1) dimensionality reduction of
the learning curves, (2) prediction of the top singular value
coefficients, and (3) noise modeling. These techniques can
be used in the future to create new NAS benchmarks as well.
To ensure that our surrogate benchmarks are highly accurate,
we statistically compare the difference between ground truth
learning curves and predicted learning curves on separate
test sets (see Figure 1).
To demonstrate the power of using the full learning curve
information, we present a framework for converting singlefidelity NAS algorithms into multi-fidelity algorithms using
LCE. We apply our framework to popular single-fidelity
NAS algorithms which claimed state-of-the-art upon release,
showing that they can be further improved. Overall, our work
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bridges the gap between different areas of AutoML and will
allow researchers to easily develop effective multi-fidelity
and LCE techniques in the future.
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2. Related Work
NAS has been studied since at least the late 1980s [18]
and has recently seen a resurgence [27]. Weight sharing
algorithms have become popular due to their computational
efficiency [17]. Recent advances in performance prediction
and other iterative techniques [7, 24] have reduced the runtime gap between iterative and weight sharing techniques.
For a survey on NAS, see [6].
NAS-Bench-101 [25], a tabular NAS benchmark, is a
search space of size 423 000 with accuracies recorded for
epochs 4, 12, 36, and 108. The accuracies for the other
epochs are not recorded. NAS-Bench-1shot1 [26] defines
a subset of the NAS-Bench-101 search space that allows
one-shot algorithms to be run. NAS-Bench-201 [4] contains 6 466 architectures unique up to isomorphisms. It
comes with full learning curve information on three datasets:
CIFAR-10, CIFAR-100, and ImageNet16-120. The DARTS
search space [17] consists of 1018 neural architectures, making it computationally prohibitive to create a tabular benchmark. To overcome this fundamental limitation, NAS-Bench301 [21] evaluates various regression models trained on a
sample of 60 000 architectures that is carefully created to
cover the whole search space. The surrogate models allow
users to query the validation accuracy (at epoch 100) for
any of the 1018 architectures in the DARTS search space.
NAS-Bench-NLP [13] is a search space for language modeling tasks. The search space consists of 1053 LSTM-like
architectures, of which 14 000 are evaluated on Penn Tree
Bank, containing the accuracies from epochs 1 to 50. Since
only 14 000 architectures can be queried, this dataset cannot
be directly used for NAS experiments.
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Figure 1: Real vs. predicted learning curves.

seeds. We represent such an estimate as ȳi .
Our goal is to create a surrogate model that takes as input
any architecture encoding xi and outputs a distribution of
learning curves that mimics the ground truth distribution.
We assume that we are given two datasets, Dtrain and Dtest ,
of architecture and learning curve pairs. We use Dtrain to
train the surrogate, and we use Dtest for evaluation. In order
to predict a learning curve distribution for each architecture,
we split up our approach into two separate processes: we
train a model f : Rd → [0, 1]Emax to predict the deterministic
part of the learning curve, ȳi , and we train a noise model
pφ ( | ȳ, x), parameterized by φ, to simulate the random
draws from Zi .
Training a model f to predict mean learning curves is
a challenging task, since the training datapoints Dtrain consist only of a single (or few) noisy learning curve(s) yi
for each xi . Furthermore, Emax is typically length 100 or
larger. We propose a technique to help with both of these
challenges: we use the training data to learn compression
and decompression functions ck : [0, 1]Emax → [0, 1]k and
dk : [0, 1]k → [0, 1]Emax , respectively, for k  Emax . The
surrogate is trained to predict compressed learning curves
ck (yi ) of size k from the corresponding architecture encoding xi , and then each prediction can be reconstructed to a
full learning curve using dk . For a good compression model,
(dk ◦ ck ) (yi ) should be a less noisy version of yi . Therefore,
models trained on ck (yi ) have better generalization ability.
We test two compression techniques: singular value
decomposition (SVD) [8] and variational autoencoders
(VAEs) [12]. Next, we train a surrogate model with xi as features and ck (yi ) as the label, for architectures in Dtrain . We
test LGBoost [10], XGBoost [2], and MLPs for the surrogate
model. Finally, we add a noise model so that the outputs are
realistic, noisy learning curves. Since the training data only
contains one (or few) learning curve(s) per architecture xi ,
it is not possible to accurately estimate the noise distribution
for each architecture without making further assumptions.
We test three noise modeling techniques which make use of
different assumptions: (i) a simple sample standard deviation
statistic, (ii) a Gaussian kernel density estimation (GKDE)

3. Generating Learning Curves
Given a search space D, let (xi , yi ) ∼ D denote one
datapoint, where xi ∈ Rd is the architecture encoding (e.g.,
one-hot adjacency matrix), and yi ∈ [0, 1]Emax is a learning
curve of validation accuracies drawn from a distribution
based on training the architecture for Emax epochs on a fixed
training pipeline with a random initial seed. Each learning
curve yi can be decomposed into two parts: one part that is
deterministic and depends only on the architecture encoding,
and another part that is based on the inherent noise in the
architecture training pipeline. Formally, yi = E[Y (xi )]+i ,
where E[Y (xi )] ∈ [0, 1]Emax is fixed and depends only on
xi , and i ∈ [0, 1]Emax comes from a noise distribution Zi
with expectation 0 for all epochs. In practice, E[Y (xi )]
can be estimated by averaging a large set of learning curves
produced by training architecture xi with different initial
2

model [20], and (iii) a sample standard deviation statistic
based on sliding windows.
Overall, we test two compression methods, three surrogate models, and three noise models. For each approach, we
evaluate both the predicted mean learning curves and the predicted noisy learning curves using held-out test sets Dtest . To
evaluate the mean learning curves, we measure the Kendall
Tau (KT) rank correlation [11], both at the final epoch and averaged over all epochs. To evaluate the noisy learning curves,
we measure the Kullback Leibler (KL) divergence between
the ground truth distribution and the predicted distribution.

to substantially improve the performance of popular algorithms. A single-fidelity algorithm is an algorithm which
iteratively chooses an architecture based on its history, which
is then fully trained to Emax epochs. Many single-fidelity
algorithms iteratively output several architectures at a time,
instead of just one. Our framework makes use of learning
curve extrapolation (LCE) techniques to predict the final
validation accuracies of all architecture choices after only
training for a small number of epochs. The architectures predicted to be in the top percentage of validation accuracies are
then fully trained. This simple modification can substantially
improve the runtime efficiency of popular NAS algorithms.
Any LCE technique can be used, and in our experiments, we
use LcSVR [1], which trains a support vector regressor to
extrapolate the learning curve.

Surrogate Benchmark Creation. Now we describe the
creation of the NAS benchmarks using the above techniques.
For all search spaces, SVD-LGB-GKDE performed the best.
First, we describe NAS-Bench-111. Since the NAS-Bench101 tabular benchmark [25] consists of accuracies for epochs
at 4, 12, 36, and 108 without the other accuracies, we train a
new set of architectures and save the full learning curves. Inspired by prior work [5, 21], we sample a set of architectures
with good overall coverage by sampling 861 architectures
generated uniformly at random, 149 architectures discovered
by BANANAS [22], local search [23], and regularized evolution [19], and all 91 architectures which contained less than
five nodes. We keep our training pipeline as close as possible to the original pipeline. Because a tabular benchmark
already exists, we can substantially improve the accuracy of
our surrogate by utilizing the information from the tabular
benchmark (at epochs 4, 12, 36, 108) as additional features.
We achieve average and final epoch KT values of 0.611 and
0.794, respectively, and a KL divergence of 1.710.
Next, we create NAS-Bench-311 by using the training
data from NAS-Bench-301, which consists of 40 000 random architectures along with 26 000 additional architectures
discovered by different NAS algorithms [17, 22, 19]. We
achieve average and final epoch KT values of 0.728 and
0.788, respectively, and a KL divergence of 0.905.
Finally, we create NAS-Bench-NLP11 by using the NASBench-NLP dataset consisting of 14 000 architectures drawn
uniformly at random. Due to the extreme size of the search
space (1053 ), we restrict architectures to a maximum of 12
nodes (reducing the size to 1022 ). To create a stronger surrogate, we add the first three epochs of the learning curve as
features in the surrogate. We achieve average and final epoch
KT values of 0.878 and 0.844, respectively. Since there are
no architectures trained multiple times on the NAS-BenchNLP dataset [13], we cannot compute the KL divergence.

NAS experiments. For single-fidelity algorithms, we implemented random search (RS) [15], local search (LS) [23],
regularized evolution (REA) [19], and BANANAS [22]. For
multi-fidelity algorithms, we implemented Hyperband [14],
and Bayesian optimization Hyperband (BOHB) [7]. For all
methods, we used the original implementation whenever
possible. We used our LCE framework to create BANANASSVR, LS-SVR, and REA-SVR. For each search space, we
run the equivalent runtime of training 500 architectures. We
run 30 trials of each NAS algorithm. See Figure 2. We see
that SVR always improves over the corresponding singlefidelity algorithm, and SVR-based methods achieve top performance in all search spaces.

5. Conclusions and Guidelines
In this work, we released three benchmarks for neural
architecture search based on three popular search spaces,
which substantially improve the capability of existing benchmarks due to the availability of the full learning curve for
train/validation/test loss and accuracy for each architecture.
Our techniques to generate these benchmarks can be used
to model the full learning curve for future surrogate NAS
benchmarks. Furthermore, we demonstrated the power of
the full learning curve information by introducing a framework that converts single-fidelity NAS algorithms into multifidelity NAS algorithms that make use of learning curve
extrapolation techniques. While we believe our surrogate
benchmarks will help advance scientific research in NAS,
a few guidelines are important to keep in mind. We discourage evaluating NAS methods that use the same internal
techniques as those used in the surrogate model. As the surrogate benchmarks are likely to evolve as new training data
is added, we recommend reporting the surrogate benchmark
version number whenever running experiments.

4. Experiments
A Framework for Learning Curve Extrapolation We
describe a simple, novel framework for converting singlefidelity NAS algorithms to multi-fidelity NAS algorithms
using learning curve extrapolation techniques, which is able
3
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Figure 2: NAS results on three search spaces. For every setting, an SVR augmented method performs best.
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