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ABSTRACT In recent years, Neural Architecture Search (NAS) has emerged as a promising methodology to
automate the design of deep neural networks, enabling the discovery of high-performing architectures across
a wide range of tasks. Due to the high computational cost associated with NAS, several benchmarks have
been introduced to support the development and evaluation of NAS methods. However, existing benchmarks
are often limited in scope, typically relying on small-scale datasets or narrow search spaces, mostly based on
Convolutional Neural Networks (CNNs) only. To address these limitations we introduce HyViTas-Bench,
a novel NAS benchmark specifically tailored for hybrid CNN-Vision Transformer (ViT) architectures.
HyViTas-Bench contains 6,561 unique models trained three times on a reduced, yet large scale, version of
ImageNet-1k, offering an evaluation setting that better reflects realistic data. Each architecture is evaluated
on 19 hardware platforms (CPU, GPU, and edge devices) for latency measurements, while robustness is
validated through repeated training.We also provide an analysis of Out-of-Distribution (OoD) generalization
using three external datasets. HyViTas-Bench enables a multifaceted assessment of NAS methods in terms
of accuracy, latency, generalization capability, and model size. As such, it represents a valuable resource for
advancing research on hybrid architectures and for facilitating the design and comparison of NAS strategies
under more realistic and diverse evaluation criteria.

INDEX TERMS Computer vision, deep learning, neural architecture search, automl, benchmark.

I. INTRODUCTION
Deep Neural Networks have significantly advanced the field
of computer vision, achieving state-of-the-art performance
across various tasks, including image classification, object
detection, and segmentation. Traditional Convolutional Neu-
ral Networks (CNNs) have long dominated computer
vision due to their hierarchical feature extraction capabil-
ities. However, with the advent of Vision Transformers
(ViTs) [1], there has been a paradigm shift towards leveraging
self-attention [2] mechanisms to capture long-range depen-
dencies in images, often leading to superior performance
in large-scale vision tasks. Despite their effectiveness,
designing optimal neural network architectures remains a
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long and heuristic-driven process, motivating the rise of
Neural Architecture Search (NAS) [3].

NAS automates the discovery of neural network archi-
tectures by exploring a predefined search space using
various optimization techniques, including reinforcement
learning, evolutionary algorithms, and differentiable search
strategies. NAS has been instrumental in discovering highly
efficient architectures tailored for specific datasets and
hardware constraints [4], [5]. However, it is typically
computationally expensive, requiring extensive model train-
ing and evaluation to assess candidate architectures [6],
despite recent efforts to reduce this cost through training-free
performance proxies [7], [8], [9], [10], [11]. Furthermore,
the reproducibility and fair evaluation of NAS algo-
rithms remain significantly challenging due to differences
in experimental settings, search spaces, and evaluation
methodologies [6], [12].
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To address these challenges, NAS benchmarks have
emerged as a crucial resource for the research community [6],
[13]. These benchmarks provide precomputed evaluations
of architectures in a fixed search space, enabling rapid
and fair comparisons of NAS algorithms without the need
for exhaustive training. Notable NAS benchmarks, such
as NAS-Bench-101 [14], NATS-Bench [15], [16], and
NAS-Bench-360 [17], have facilitated research progress
by reducing computational costs and enabling standardized
comparisons. However, existing benchmarks predominantly
focus on traditional CNN-based architectures [13], with
limited exploration of more recent convolutional designs
[18], [19] or attention-based search spaces [20] architec-
tures, which are increasingly relevant for modern vision
applications [21], [22], [23].

In this work, we introduce a novel NAS benchmark
specifically designed for hybrid CNN-ViT architectures.
It systematically evaluates models that integrate convolu-
tional and transformer-based blocks on a large-scale dataset,
enabling a comprehensive and realistic assessment of their
performance.

The main contributions of our work can be summarized as
follows:

• we propose HyViTas-Bench, the first NAS benchmark
combining a hybrid convolutional-ViT search spacewith
models trained on a large-scale dataset, comprising
6,561 architectures each trained three times;

• we show that our reduced ImageNet-based training
set (RedImageNet) provides a more reliable proxy
for large-scale performance than CIFAR-10/100 and
ImageNet-16-120 [24], especially near the search-space
optimum;

• we evaluate Out-of-Distribution (OoD) generalization
on three additional datasets derived from standard OoD
benchmarks ImageNet-Sketch [25], Stylized-ImageNet
[26] and ImageNet-C [27], enabling robustness-aware
NAS research;

• we provide pre-computed latency metrics on 19 hetero-
geneous hardware platforms, together with six training-
free proxies and full accuracy logs, supporting both
efficiency-aware and proxy-based NAS.

II. RELATED WORKS
A. HYBRID VIT
Vision Transformers (ViTs) [1] have achieved remarkable
success in computer vision but lack CNNs inductive biases
[28], requiring more data and compute to match CNN per-
formance. Additionally, their quadratic attention complexity
poses challenges for deployment in resource-constrained
environments, especially when working with high-resolution
features.

To address these limitations, researchers have improved
attention efficiency (e.g., Swin Transformer [29]) and tried
to leverage the advantages of both architectures [30] by
exploring CNN-ViT hybrids [31], which integrate convolu-
tional biases into Transformers. CoAtNet [32] exemplifies

this approach, combining Inverted Bottleneck (IBN) [18]
blocks in early stages with Transformers blocks later in
the network, achieving superior performance over both pure
CNNs and ViT models. Similarly, LocalViT [33] alternates
convolutional and attention layers while replacingMLPswith
IBNs to enhance locality.

For deployment in low-power and mobile settings, models
like MobileFormer [34] and MobileViT [35] combine CNN
efficiency with Transformer-based global context modeling,
achieving strong performance under tight computational
constraints. These architectures demonstrate that careful
integration of convolution and attention mechanisms enables
improved speed-accuracy trade-offs.

While numerous hybrid design strategies have been pro-
posed, the space of architectural configurations within such
models remains underexplored in a systematic and scalable
way. To address this gap, we introduce the first benchmark
specifically designed to evaluate hybrid CNN-ViT architec-
tures, enabling controlled exploration of key architectural
parameters such as convolutional kernel size, inverted
bottleneck expansion ratio, and block output dimensions.

B. NAS BENCHMARKS
Neural Architecture Search (NAS) has significantly advanced
the field of deep learning by automating the design of network
architectures [4], [5]. However, NAS algorithms typically
demand considerable computational resources due to the
extensive training and evaluation of candidate architectures.
To address these challenges, NAS benchmarks have been
proposed to support reproducible research and fair compar-
isons by providing precomputed performance metrics across
standardized search spaces [13].
One of the pioneering NAS benchmarks is

NAS-Bench-101 [14], comprising approximately 423,000
unique architectures evaluated on CIFAR-10 [41]. Its
cell-based search space consists of Directed Acyclic Graphs
(DAGs) with a fixed number of nodes and edges. Despite its
foundational contribution, NAS-Bench-101 is limited by its
exclusive focus on a small-scale dataset such as CIFAR-10.

To extend benchmark versatility, NAS-Bench-201 [15]
introduced a search space with 15,625 architectures, evalu-
ated across multiple datasets (CIFAR-10, CIFAR-100, and
ImageNet-16-120 [24]). Notably, although NAS-Bench-201
comprises 15,625 architectures, the number of unique archi-
tectures is effectively reduced to 6,466 due to isomorphic
duplicates [42]. Subsequently, NATS-Bench [16] expanded
the NAS-Bench-201 search space by varying the channel
numbers, thus increasing the number of architectures to more
than 32,000.

In parallel, the demand for hardware-aware NAS bench-
marks led to the development of HW-NAS-Bench [36],
which extends NAS-Bench-201 by incorporating hardware
efficiency metrics, such as latency and energy consump-
tion, across various computing platforms. LatBench [37],
another significant contribution, specifically addresses
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TABLE 1. Comparison of existing NAS benchmarks. HyViTas-Bench is the first to target hybrid CNN-ViT architectures on large-scale data (RedImageNet),
while also supporting out-of-distribution (OoD) accuracy, hardware metrics, and precomputed training-free proxies in a unified setting. See [13] for an
in-depth survey.

runtime latency, evaluating models across multiple devices,
including embedded platforms and mobile GPUs. NAS-
Bench-MR [38] further expanded the benchmarking scope by
enabling multi-resolution search for diverse computer vision
tasks, including image segmentation, video recognition, and
3D detection, although each architecture is trained only once
per task, without repeated runs to assess variance.

Despite the considerable contributions of these bench-
marks, most are predominantly oriented towards CNN archi-
tectures, thus lacking evaluations on modern architectural
paradigms. With ViTs and hybrid CNN-ViT architectures
gaining prominence, a notable gap remains in systematically
benchmarking NAS methods targeting these emerging archi-
tectures. Recently, OoD-ViT-NAS [20] provided a bench-
mark specifically thought for Vision Transformers, focusing
on the analysis of their generalization capabilities under out-
of-distribution (OoD) conditions. Their study also examines
training-free performance predictors, also known as zero-cost
proxies, and finds that such metrics struggle to correlate with
OoD accuracy, with model size emerging as the most reliable
indicator. However, similarly to NAS-Bench-MR, OoD-ViT-
NAS does not perform multiple independent training runs for
each architecture, thus limiting the assessment of robustness
to different initializations. In the case of OoD-ViT-NAS,
this is due to one-shot supernet weight sharing, an approach
that, while greatly reducing computational cost, is known to
suffer from weight entanglement, as the shared parameters
of sub-networks can introduce bias and lead to inaccurate
performance estimation [43], [44].

Our proposed benchmark addresses these limitations by
introducing, for the first time, a comprehensive evaluation of
hybrid CNN-ViT architectures trained on a large-scale dataset
derived from ImageNet-1k [45]. Unlike most prior bench-
marks, constrained to small-scale datasets, ours includes
6,561 unique hybrid architectures, each independently
trained three times on a large-scale dataset to ensure statistical
robustness. This setup enables consistent comparisons and
better reflects the challenges of large-scale visual tasks.
A summary of how our benchmark relates to existing ones

can be found in Table 1, and we refer the reader to [13] for a
broader survey on NAS benchmarks.

III. THE HYVITAS-BENCH BENCHMARK
A. SEARCH SPACE
The search space of our proposed benchmark HyViTas-
Bench is structured following a four-stage hybrid architecture
(Fig. 1), based on the sequential integration of convolutional
and transformer blocks [32], [47], [48]. The architecture
comprises a fixed Stem module based on a non-overlapping
convolution with kernel size 4, inspired by EdgeNeXt [46],
and a fixed fully convolutional classification head. Only the
four intermediate stages are searchable, divided into two
convolutional and two transformer-based stages. The first two
searchable stages are purely convolutional, composed of three
modern ConvNeXt [19] blocks each. These blocks were pro-
posed as an extension to the residual convolutional paradigm
introduced by ResNet [49], integrating large-kernel depth-
wise convolutions and Layer Normalization techniques [50]
to incorporate design principles from Vision Transformers
and utilizing GELU [51] as the activation function. In our
implementation we use standard Batch Normalization [52]
in place of Layer Normalization to improve efficiency
at inference time. The last two searchable stages employ
transformer blocks [2], each configured with a fixed number
of 8 attention heads. Inspired by [33], each transformer
block is complemented by a ConvNeXt block (Fig. 2),
effectively combining convolutional inductive biases with the
global receptive fields offered by attention mechanisms. This
configuration defines a well-structured yet practical search
space for hybrid CNN-Transformer models. By design,
it balances diversity with tractability: the choice of blocks
across stages prevents a combinatorial explosion that would
render exhaustive exploration of the search space impractical,
while still enabling controlled architectural variations across
the hybrid CNN-Transformer design. It facilitates explo-
ration of different capacity allocations and receptive field
sizes, preserving consistency between stages. The specific
values considered for kernel sizes, expansion factors, and
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FIGURE 1. Overview of the four-stage hybrid CNN-ViT architecture defining the search space of HyViTas-Bench. It comprises a
fixed Stem module inspired by EdgeNeXt [46], two searchable convolutional stages with ConvNeXt [19] blocks, two searchable
transformer-based stages inspired by LocalViT [33], and a fixed classification head. Searchable parameters include kernel size,
expansion factor (shared within each stage type), and output depth (independently searched for each stage). The architecture of
the encoder blocks is detailed in Fig. 2.

FIGURE 2. Architecture of a transformer-based encoder block from the
attention-driven stages. The block comprises an attention layer followed
by a ConvNeXt [19] block, each equipped with residual connections. The
right inset illustrates the internal structure of the ConvNeXt block,
featuring the inverted bottleneck design and depthwise convolution with
searchable kernel size.

output depths are reported in Table 2. Full implementation
details will be released alongside the benchmark to support
reproducibility.

B. DATASETS AND PREPROCESSING
The high computational cost of training a vast num-
ber of models on large-scale datasets has historically
constrained tabular Neural Architecture Search (NAS)
benchmarks to small-scale datasets such as CIFAR-10 or
CIFAR-100. Notably, to mitigate this computational burden,
NAS-Bench-201 and NATS-Bench employ a significantly
reduced version of ImageNet-1k [45], ImageNet-16-120 [24],
obtained by downscaling the images to a resolution of
16 × 16 pixels and by reducing the dataset to 120 classes.
However, reliance on these smaller datasets introduces a fun-
damental limitation, as they often fail to adequately represent
the complexity required for reliable predictions of real-world

TABLE 2. Searchable dimensions in HyViTas-Bench search space. Kernel
size and expansion factor are searched independently for the first pair
and last pair of stages, resulting in a total search space size
of 38 = 6, 561.

generalization [13]. Given the increasing complexity of
modern neural architectures, evaluating NAS methods on
more realistic datasets that are able to better represent full-
scale data, has become increasingly important.

To address this gap, our novel benchmark evaluates
architectures on a large-scale dataset which, following the
best practice suggested by [53], consists of a reduced version
of ImageNet-1k comprising 500 randomly selected classes,
with all images downscaled to a maximum resolution of
192 × 192 pixels. This dataset achieves a balance between
computational feasibility and representativeness, offering a
diverse range of image statistics while remaining practical
for large-scale NAS experimentation. The dataset contains
523,901 training images and 25,000 validation images, with
an overall storage footprint of less than 20 GB, making
it significantly smaller than the full ImageNet-1k dataset
(146 GB) in terms of storage requirements, but still reason-
ably large-scale in terms of number of samples and resolution
if compared to CIFAR or ImageNet-16-120.

By training all architectures on this dataset, our benchmark
supports a more realistic assessment of generalization
performance, narrowing the gap between existing NAS
benchmarks and practical deployment conditions. This
setting enables more meaningful comparisons and supports
the development of NAS methods suited for large-scale, real-
world applications.
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In order to assess the performance of each architecture
under out-of-distribution (OoD) conditions, we further eval-
uate all models on three additional datasets derived from
established OoD benchmarks by applying the same reduction
strategy as in the in-distribution training set, selecting the
same 500 classes and downscaling all images to a maximum
resolution of 192 × 192 pixels:

• ImageNet-Sketch [25]: a domain generalization
benchmark composed of sketch-style black-and-white
illustrations of ImageNet-1k classes. Unlike natural
photographs, these images lack texture and color,
placing emphasis on the model ability to extract
semantic information from shape and contour. This
dataset is particularly challenging due to its abstract and
texture-free representations.

• ImageNet-C [27]: a corruption robustness benchmark
in which 19 types of algorithmic corruptions (15 ‘‘core’’
and 4 ‘‘extra’’), ranging from noise and blur to weather
and digital artifacts, are applied to the ImageNet-1k
validation set. Each corruption type is applied at five
severity levels. For our benchmark, we evaluate each
model under levels from 1 (minimal) to 5 (severe)
for each corruption type to assess robustness across
different perturbation intensities. Unless otherwise spec-
ified, RedImageNet-C results in tables and figures
are averaged over the 15 core corruption types; full
per-corruption and per-severity results are included in
the benchmark data.

• Stylized-ImageNet [26]: a dataset generated by replac-
ing the original textures of ImageNet-1k images with
the style of randomly sampled paintings via AdaIN [54]
style transfer, while broadly preserving object shape and
global image structure. This induces a strong shape-bias,
making it the most challenging dataset in our evaluation
for assessing robustness.

In the remainder of this work we denote the reduced,
computationally-lighter variants of the ImageNet-Sketch,
ImageNet-C, and Stylized-ImageNet test datasets by adding
the Red- prefix (e.g. RedImageNet-C). For compactness in
tables, we abbreviate OoD dataset names to RedIN-Sketch,
RedIN-C and RedStylized-IN. This additional evaluation
enables a comprehensive analysis of architecture robustness
and generalization beyond the training distribution, com-
plementing the in-distribution performance assessment and
supporting the study of domain shift resilience within NAS.
While HyViTas-Bench focuses on natural images, it could be
extended to other domains (e.g. medical or satellite imagery)
that lie outside the scope of the present work. Given the high
cost of exhaustively training the full search space, this could
be done by training a small stratified subset of architectures
on the target dataset and fitting a cross-dataset surrogate to
estimate the remaining entries by employing ground truth
provided by HyViTas-Bench.

C. TRAINING AND EVALUATION PROTOCOL
All architectures in the benchmark are trained on the
RedImageNet dataset described in Section III-B. Each

model is trained for 200 epochs using the AdamW [55]
optimizer with a batch size of 1024. We do not include
low-fidelity trainings with fewer epochs in this release,
as such approximations can distort the relative ranking
of architectures; our goal is to provide a faithful and
stable ground truth. Nevertheless, the released full-fidelity
benchmark can be used to explore acceleration strategies, for
example to calibrate short evaluations when probing larger
spaces or additional datasets. The learning rate follows a
cosine annealing schedule [56], starting from an initial value
of 0.001, preceded by 5 warmup epochs with a linear ramp-up
from an initial value of 5 × 10−5. All training is performed
using mixed-precision computation to improve throughput
and memory efficiency. The data augmentation pipeline
follows the RandAugment [57] policy, applied after a random
resized crop to 160×160 pixels. Horizontal flipping is applied
with a probability of 0.5. Additional training hyperparameters
and configuration files are available alongside the released
code for full reproducibility. For each architecture, training
is repeated across three independent runs using different
random seeds to account for variance due to stochastic
optimization and different initializations, resulting in a total
of 19,683 trained models. Evaluation is conducted on the
validation set using both top-1 and top-5 accuracy metrics.
All models are trained using PyTorch 2.2 on a distributed
cluster equipped with NVIDIA A100 accelerators. Overall,
generating the complete benchmark requires approximately
338,000 GPU-hours. More details about the computational
cost can be found in Appendix B. In addition to accuracy-
based evaluation, we provide inference latency for each
architecture. Since inference time is inherently hardware-
dependent, we measure latency across 19 heterogeneous
hardware platforms, spanning server-grade and consumer
GPUs, edge devices, and general-purpose CPUs based on
both x86 and ARM architectures. For each device we run
52 forward passes using batches of a single image. The first
2 runs are discarded to eliminate initialization effects such
as kernel loading, clock ramp-up, and memory allocation
overhead. Latency is then computed as the average over the
remaining 50 steps. All latency measurements are conducted
using PyTorch 2.6 to ensure consistency across devices. The
complete list of tested devices can be found in Appendix A.

IV. BENCHMARK ANALYSIS AND EXPERIMENTAL
EVALUATION
A. ARCHITECTURE DIVERSITY
To be effective, a NAS benchmark must contain a diverse
range of architectures, including both high-performing and
suboptimal models. While a positive correlation between
model size and final accuracy is expected, the search
space should be designed to discourage trivial optimization
strategies such as simple parameter maximization from con-
sistently yielding the best-performing architectures. A well-
structured space ensures that performance improvements
arise from meaningful architectural choices rather than
brute-force scaling. To illustrate this, Fig. 3 shows the
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FIGURE 3. Correlation between model size and their final validation
accuracy, averaged over three runs. Outliers achieving a performance
below 50% are not shown in the plot, being less than 1% of the models.
The red line highlights the Pareto front, and a star (⋆) indicates the
optimal architecture in the search space.

relationship between model size and the average validation
accuracy across all architectures in our benchmark, with
Pareto-optimal models highlighted. Although the largest
architecture contains 4M parameters, peak performance is
achieved by a model with only 2.9M parameters. Fig. 4
complements this analysis by visualizing the distribution of
validation accuracies and training stability. The average top-1
accuracy is 68.60, and most architectures achieve accuracies
within the range of 60%-74%, with the top-performing model
reaching 73.66%. A small subset performs significantly
worse, clustering between 40% and 47%. We observe that
these architectures share specific structural traits, namely a
first stage with output dimension 16, an expansion factor of 1,
and a kernel size of 3, suggesting limited representational
capacity. Regarding stability, measured as the standard
deviation across three independent training runs, most models
show low variance (σ ≈ 0.2), indicating a high degree
of consistency and robustness to different initializations.
However, a minority exhibits substantially higher variance,
suggesting sensitivity to initial conditions. Notably, some
architectures proved to be particularly difficult to train,
frequently experiencing divergence or NaN values, indicating
poor trainability and highlighting a strong sensitivity to
initialization conditions. We find that these unstable models
often share the same structural pattern found in low-
performing ones, with the combination of minimal output
dimension, kernel size, and expansion factor in the initial
stage likely acting as a bottleneck during training. To assess
stability and trainability, our benchmark provides queryable
information on the number of training attempts that have been
required to obtain three successfully convergedmodels, offer-
ing insights into the trainability of different architectures.

B. QUALITY OF PROXY DATASET
To demonstrate that an architecture achieving high perfor-
mance on a small-scale dataset such as CIFAR-10 does

TABLE 3. Kendall-τ and Spearman-ρ correlations between architecture
rankings on CIFAR-10, CIFAR-100, ImageNet-16-120, the proxy underlying
our benchmark RedImageNet, and the full ImageNet-1k.

not necessarily generalize optimally to a larger dataset,
particularly a large-scale benchmark such as ImageNet-1k,
we evaluate the consistency of architectural rankings across
different datasets. Specifically, we randomly select 20 archi-
tectures from our benchmark and train them on CIFAR-10,
CIFAR-100, ImageNet-16-120, and the full ImageNet-1k
dataset, following the same training protocol described in
Section III-C, with the number of training epochs adjusted
to match dataset size: 100 epochs for the three small-scale
datasets and 300 epochs for ImageNet-1k. The results,
presented in Table 3, indicate that the positive correlation
between ImageNet-1k and our proxy dataset described in
Section III-B consistently surpasses the correlations obtained
with smaller-scale datasets such as CIFAR-10, CIFAR-100,
and ImageNet-16-120. To further assess the robustness of
our proposed benchmark dataset RedImageNet as a proxy
for performance on large-scale datasets, we introduce a more
challenging setting by randomly sampling 20 architectures
from the top 15% best-performing models in our benchmark.
This scenario is particularly challenging, as top-performing
architectures tend to have similar performance levels, making
performance ranking more sensitive to noise. Notably, even
in this more challenging scenario where architectures are
drawn exclusively from the top-performing subset, our
proxy dataset maintains a statistically significant positive
correlation with ImageNet-1k, whereas the correlations for
other small-scale datasets deteriorate and fail to remain
positive. While prior studies such as [53] have shown that
individual architectures found on small-scale datasets such
as CIFAR can yield competitive performance on large-scale
datasets like ImageNet-1k or even ImageNet-22k [58],
our analysis emphasizes that such small-scale datasets fail
to preserve relative performance rankings. These findings
suggest that our benchmark constitutes a more reliable and
scalable proxy for ImageNet-1k performance, providing a
practical alternative for evaluating architectures in large-scale
settings while significantly reducing the computational cost
associated with full ImageNet-1k training.

C. ACCURACY-DRIVEN BASELINES
To demonstrate the utility of our benchmark for evaluat-
ing NAS algorithms, we include six standard baselines:
Random Search, Regularized Evolution [59], REINFORCE
[60], BANANAS [61], DARTS [62] and SPOS [63].
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FIGURE 4. Distribution of average final validation top-1 accuracies (left) and standard deviations over three runs (right) across architectures in the
benchmark. Standard deviation reflects stability with respect to random initialization: lower values indicate more stable architectures. A small
number of outliers are excluded for visualization clarity.

FIGURE 5. Scatter plot of in-distribution (ID) accuracy on RedImageNet
versus out-of-distribution (OoD) accuracy on the reduced versions of
ImageNet-Sketch, Stylized-ImageNet and ImageNet-C (corruption levels 1
and 5). For RedImageNet-C, accuracies are averaged over 15 corruption
types. Stars (⋆) indicate the best architectures for each OoD dataset,
which do not coincide with the top-ID ones. The Pareto front is
highlighted for each OoD dataset. Kendall-τ values are 0.68
(RedImageNet-Sketch), 0.25 (RedStylized-ImageNet), 0.57
(RedImageNet-C 1), and 0.09 (RedImageNet-C 5).

These methods are widely adopted in NAS literature due
to their ease of implementation and competitive perfor-
mance in several benchmarks such as NAS-Bench-101 and
NAS-Bench-201.

Random Search (RS) serves as a minimal baseline, where
architectures are sampled uniformly at random from the
search space. Despite its simplicity, it has been shown to
be a surprisingly strong competitor in constrained NAS
settings. Given the total cardinality of our search space
(6,561 architectures), we sample 100 unique architectures,
evaluate their validation accuracy and report the best
performance.

Regularized Evolution with Aging (REA) implements a
population-based search algorithm where new architectures
are generated by mutating existing ones, and the population
is periodically refreshed by removing the least promising
candidates. This method has demonstrated robustness and
consistency across various NAS benchmarks and requires
no gradient or model-based guidance. In our setup we use
a population of 50 architectures and a tournament size
of 10 candidates to select parent architectures to mutate.
We enforce a limit of 100 architecture evaluations.

REINFORCE is a policy-gradient algorithm that main-
tains a parametric distribution over architectural choices
and updates it to increase the likelihood of high-performing
architectures. At each iteration, an architecture is sampled
from the current policy, evaluated, and used to compute
a gradient update based on the reward signal. We apply
REINFORCE with a fixed budget of 100 architecture
evaluations, using the same evaluation protocol as for other
baselines.

BANANAS performs Bayesian optimization over archi-
tectures by training an ensemble of lightweight predictors
on an encoded representation of each architecture. The
predictors are then used to select promising candidates.
At each iteration we generate a candidate pool by mutating
the most promising architectures, score all the candidates
with the regressor and evaluate the k = 10 ones with
the best acquisition values. We initialize with 10 random
architectures and use a pool of 512 candidates per round.
We evaluate BANANAS only when the objective requires
training-based evaluation (ID or ID+OoD accuracy). We do
not apply BANANAS to training-free proxies for zero-shot
search, as its model-based surrogate would approximate a
quantity that is both inexpensive to query directly and already
a proxy approximating the true target.

DARTS is a differentiable NAS method that relaxes
discrete architectural choices into continuous mixtures,
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TABLE 4. Top-1 ID and OoD accuracies (mean ± standard deviation) for Random Search, Regularized Evolution (REA), REINFORCE and BANANAS across
500 trials, using different optimization targets. Accuracy-based methods optimize either ID accuracy or a combined objective (‘‘ID+OoD’’), defined as the
average of ID accuracy and mean accuracy across four OoD datasets: RedImageNet-C level 1, RedImageNet-C level 5, RedImageNet-Sketch and
RedStylized-ImageNet. Zero-shot methods use standard training-free proxies as optimization targets. Additionally, we report results with one-shot
methods DARTS and SPOS across five runs targeting ID accuracy. The ‘‘Optimum’’ row indicates the best result observed in the benchmark for each
dataset, while ‘‘Search space mean’’ reports the average performance and variability across all the architectures in the search space.

enabling gradient-based optimization. It adopts a bi-level
scheme in which network weights w are updated to minimize
Lt (w, α), while architecture parameters α are updated on
a held-out validation data split to minimize Lv (w, α). To
evaluate DARTS on HyViTas-Bench we instantiate DARTS
in a layer-wise fashion: learnable logits α parametrize each of
the eight design decisions described in Table 2. We alternate
updates of w and α and discretize at the end. The resulting
architecture is then evaluated by querying the benchmark
table for its accuracy.

SPOS trains a weight-sharing supernet by activating one
candidate path per batch, sampled uniformly from the search
space. At each iteration, only weights on the selected path

are updated. After training, candidate architectures inherit the
supernet weights and are evaluated after a short recalibration
of normalization layers. The final architecture is selected via
a simple evolutionary search.

We perform experiments under two evaluation modes:
• ID: architectures are evaluated only on the validation set
of RedImageNet;

• ID+OoD: both in-distribution and out-of-distribution
performance are taken into account. The objective
function maximized during search is the sum of the
ID accuracy and the mean OoD accuracy, computed
across RedImageNet-Sketch, RedStylized-ImageNet
and two severity levels of RedImageNet-C. Although
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our benchmark provides per-corruption metrics for
all RedImageNet-C variants, in these experiments we
aggregate them by averaging across the 15 main
corruption types at each severity level.

We repeat every experiment 500 times and report average
results with standard deviation in the upper part of Table 4,
except for gradient-based methods DARTS and SPOS, which
were repeated only five times in ID mode given the need for
full supernet training for each run. We observe that multi-
shot methods (i.e. Random Search, REA, REINFORCE and
BANANAS) all achieve competitive performance in terms of
ID accuracy, reaching values close to the best architectures
in the search space. It must be noted that without HyViTas-
Bench these search experiments would require a substantial
amount of computational resources, with a simulated cost
of approximately 1,500 GPU-hours per run, needed to train
and evaluate up to 100 candidate architectures. Interestingly,
REINFORCE does not exhibit a clear advantage over
Random Search. This result is consistent with prior findings
in the NAS literature [16], where policy-gradient methods
often struggle to outperform random baselines under tight
evaluation budgets due to noisy gradient estimates and limited
opportunities for policy refinement.

In contrast, the gap in out-of-distribution (OoD) per-
formance remains considerably wider, revealing a notable
decoupling between ID accuracy and robustness (Fig. 5).
While it is well established that ID accuracy is not a reliable
indicator for OoD generalization, our results emphasize this
discrepancy within the specific context of hybrid CNN-
ViT architectures. Interestingly, despite being outperformed
by multi-shot methods in terms of ID performance, one-
shot gradient-based methods achieve better results in most
OoD scenarios, suggesting the ability to find more robust
architectures.

To our knowledge, HyViTas-Bench is the first benchmark
to support controlled and reproducible evaluation of NAS
strategies with respect to both ID and OoD performance
in hybrid models. This makes it a valuable testbed for
developing robustness-aware NAS approaches that move
beyond traditional accuracy-centric evaluation.

D. ZERO-SHOT METHODS
Due to the considerable computational cost associated with
traditional training-based NAS methods, recent research has
increasingly focused on alternative, cost-effective approaches
for estimating the potential performance of neural archi-
tectures without explicit training [7], [8], [9], [10], [11].
These zero-shot approaches evaluate intrinsic architectural
properties to predict future accuracy, enabling rapid explo-
ration of extensive search spaces at minimal computational
expense. Motivated by these advantages, we integrate several
established training-free proxy metrics into our benchmark,
precomputing them for each architecture to facilitate efficient
experimentation on hybrid CNN-ViT search spaces.

While most research efforts on training-free proxies have
concentrated primarily on predicting the performance of

neural networks in ID settings, considerably less attention
has been devoted to their ability to predict architectures
OoD generalization capability. Recent investigations, par-
ticularly [20], began addressing this limitation explicitly
for ViT-based architectures. Their findings highlighted
that, in the proposed ViT-based search space, common
training-free metrics were outperformed by trivial archi-
tectural attributes, such as the number of parameters or
floating-point operations (FLOPs), when predicting general-
ization
performance.

We extend this line of inquiry by performing both corre-
lation analyses and full NAS experiments within the context
of hybrid CNN-ViT architectures included in our proposed
benchmark HyViTas-Bench, reporting the Kendall-τ and
Spearman-ρ correlations of various training-free metrics with
OoD accuracy (see Table 5) and running three baseline
search strategies 500 times for each metric (lower part of
Table 4). We exclude BANANAS from these experiments
since training-free metrics can be evaluated at negligible
cost and therefore do not justify an additional surrogate
layer. Consistent with the observations reported by [20], our
findings confirm that trivial measures such as model size still
exhibit higher correlation with accuracy on heavily corrupted
datasets such as RedImageNet-C and RedStylized-ImageNet.
Nevertheless, we also observe notable deviations from this
trend on RedImageNet-Sketch, a dataset characterized by
high-level semantic shifts rather than low-level corruptions.
Specifically, activation-based proxies such as NASWOT [7]
and gradient-based metrics like SNIP [68] and Synflow
[64] demonstrate stronger correlations with OoD accuracy
on RedImageNet-Sketch compared to simpler proxies based
solely on model size. This suggests that training-free metrics
capturing functional and optimization-related architectural
properties can offer clear advantages under certain types of
domain shift, pointing to a promising direction for future
research into more context-aware and effective proxy designs
for robust NAS.

It is worth noting that despite its simplicity, the number
of parameters remains a strong predictor of OoD accuracy
across our evaluations, surpassing more complex proxies in
several settings in terms of correlation. Interestingly, how-
ever, in the NAS experiments conducted using training-free
metrics as search objectives, this proxy was outperformed by
NASWOT and SNIP, indicating that higher global correlation
with accuracy does not necessarily translate into superior
search performance.

The Jacobian-based proxy [67] shows consistently low
rank correlation with hybrid CNN-ViT performance. This
aligns with previous findings [20] that, although originally
devised for assessing adversarial robustness in CNNs, this
metric does not transfer effectively to transformer-based
architectures. These observations further reinforce that the
effectiveness of NAS methods and training-free metrics
should not be assumed to hold across different architectural
search spaces and evaluation scenarios. Our results highlight

VOLUME 13, 2025 209973



L. Robbiano et al.: CNN-ViT Hybrid Architecture Search Benchmark on a Large-Scale Dataset

TABLE 5. Kendall-τ and Spearman-ρ correlations between various training-free proxies and final top-1 accuracy on in-distribution (RedImageNet val) and
out-of-distribution settings: RedImageNet-C (all corruption levels), RedImageNet-Sketch and RedStylized-ImageNet. While NASWOT shows the highest
correlation with ID performance, it deteriorates under severe corruptions (RedImageNet-C 5) but remains effective on domain-shifted data like
RedImageNet-Sketch.

the need to assess such approaches on diverse architectures
and benchmarks to obtain a more reliable picture of their
generalization capabilities.

V. CONCLUSION
In this work we introduced HyViTas-Bench, the first Neural
Architecture Search benchmark specifically designed for
hybrid CNN-ViT architectures. To the best of our knowledge,
HyViTas-Bench is also the first NAS benchmark to provide
models trained independently multiple times on a large-scale
dataset of size comparable to ImageNet-1k, enabling sta-
tistically robust performance comparisons. The benchmark
includes 6,561 unique architectures, each evaluated not only
in terms of in-distribution validation accuracy, but also on
reduced versions of ImageNet-Sketch, Stylized-ImageNet
and the five corruption levels of ImageNet-C as out-of-
distribution (OoD) datasets. To support hardware-aware NAS
research, we also provide inference latency measurements
across 19 heterogeneous hardware devices, covering a broad
spectrum of real-world deployment scenarios.

To demonstrate the utility of HyViTas-Bench, we evaluated
standard NAS baselines under both ID and OoD condi-
tions. The baselines were tested in two distinct evaluation
paradigms: (i) multi-shot, using our precomputed tabular
results to simulate full model training, and (ii) zero-
shot, relying on six different training-free performance
proxies. Additionally, we performed one-shot experiments
on the ID setting with supernet-based methods. Our results
show that high ID accuracy does not necessarily translate
to robust OoD performance, highlighting the importance
of generalization-aware evaluation criteria. Furthermore,
we confirm that in OoD scenarios, common training-free
proxies are often outperformed by a simple architectural
attribute such as the number of parameters, although we find
this trend does not hold uniformly. In the case of ImageNet-
Sketch, which involves a high-level domain shift, activation
or gradient-based proxies demonstrate higher predictive
power.

While our benchmark provides a comprehensive testbed
for hybrid architecture search, building large-scale NAS
benchmarks generally involves non-trivial computational
effort, especially when multiple training runs per architecture

are required. Future extensions could explore integrating sur-
rogate accuracy predictors, low-fidelity evaluations, or task-
conditioned zero-cost proxies to enable enlargement of the
search space.

We hope that HyViTas-Bench will facilitate reproducible,
large-scale NAS experiments and foster future research on
hybrid architectures, robustness, and hardware efficiency in
neural architecture design. In addition to benchmark data,
we release weights for all trained models, which may serve as
a valuable resource for further research into NAS, optimiza-
tion dynamics and generalization under distribution shift.
Benchmark data, code and instructions to access the training
dataset are available at https://github.com/lr94/hyvitasbench.

APPENDIX A
HARDWARE PLATFORMS
Table 6 reports the inference latency of our models on
19 hardware platforms, spanning edge devices, consumer
CPUs, and both consumer and server-grade GPUs. For each
device, we include the mean, minimum, maximum, and
standard deviation of the per-image inference time (batch
size= 1) across the architectures in the benchmark, measured
as detailed in Section III-C. Fig. 8 illustrates the distribution
of latency versus accuracy across the full architecture set
on a subset of platforms, with the Pareto front highlighted
in red. Interestingly, high-end consumer GPUs such as the
RTX 5090 and 4090 achieve lower inference latency than
server-grade accelerators like the A100 and H100. This
behavior is consistent with known architectural differences:
consumer GPUs are typically optimized for low-latency
workloads and operate at higher clock frequencies, whereas
data-center GPUs prioritize throughput and scalability, often
running at lower frequencies under thermal or power
constraints. Additionally, the relatively compact size of our
models does not saturate the parallel compute capacity
of large accelerators with single-image batches, further
narrowing the expected performance gap. Nevertheless,
including all four hardware types provides a broader view
of real-world deployment scenarios, from edge inference to
large-scale datacenter environments. Since power efficiency
is a primary concern for edge deployments, we additionally
measured energy per inference on an NVIDIA Jetson Orin
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TABLE 6. Inference time (in milliseconds) measured with batch size 1. For each device, we report the mean, minimum, maximum, and standard deviation
across all the architectures in the search space.

FIGURE 6. Energy consumed per inference step on the NVIDIA Jetson Orin
platform for all architectures in HyViTas-Bench. The red curve denotes the
Pareto front with respect to top-1 ID accuracy.

Developer Kit as a representative edge GPU. Following [36]
we employed the on-board INA3221 power monitor to obtain
readings under the same single-image inference setting used
for latency measurements, averaging power consumption for
300 inference steps for each architecture. Fig. 6 shows the
distribution of the energy consumed per inference step versus
model accuracy.

APPENDIX B
COMPUTATIONAL COST
Creating a faithful, low-noise tabular NAS benchmark
inevitably requires substantial compute. Generating

FIGURE 7. Per-model training time versus model size. Training time is not
strictly correlated with model size and instead forms three distinct
clusters: one group of architectures requiring approximately 10 hours for
full training, another around 30 hours, and a smaller set of the slowest
models requiring up to 47 hours.

HyViTas-Bench consumed approximately 320,000 GPU-
hours for training, and additional 18,000 GPU-hours for
OoD evaluation, for a total of 338,000 GPU-hours. The
evaluation cost is dominated by robustness assessment on
RedImageNet-C alone: the 95 corruption-severity combina-
tions account for 17,000 GPU-hours. On a cluster equipped
with NVIDIA A100 GPUs, each model training run takes
on average 16 GPU-hours, but the distribution exhibits
substantial variance (σ = 11.8), with training times
clustering into three groups that are not strictly explained by
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FIGURE 8. ID accuracy versus inference latency for the architectures in our benchmark evaluated on eight hardware
platforms (two per type). Each point represents a unique architecture; the red curve denotes the Pareto front, illustrating
optimal accuracy-latency trade-offs. A small subset of low-performing outliers has been excluded for clarity of visualization.
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FIGURE 9. Scatter plots showing the relationship between six training-free metrics and both ID and OoD accuracy across the
architectures in the benchmark. Each point corresponds to a single architecture evaluated in a specific setting, with color
indicating the dataset (ID or one of the OoD benchmarks).

parameter count (Fig. 7). The vast majority of models can be
trained in 10 hours, with the slowest taking up to 47 hours,
excluding outliers. It must be noted that these figures reflect
wall-clock time on a shared HPC system; as such, individual
runs are subject to non-deterministic factors (e.g. network and
node load). For this reason, per-model training time was not
included as part of the benchmark data.

Although this upfront cost is high, consistently with prior
tabular NAS benchmark efforts (e.g. [14], [38], [69]), it is
incurred once and then amortized across the community.

Once released, HyViTas-Bench enables zero-cost experi-
mentation: researchers can fairly and reproducibly evaluate
NAS algorithms on a hybrid CNN-ViT search space without
retraining any model and compare methods under identical
conditions, including OoD robustness.

APPENDIX C
TRAINING-FREE METRICS VISUALIZATION
Fig. 9 provides a visual overview of the relationship between
the training-free metrics and the final ID and OoD accuracies
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of the architectures in the benchmark. Each subplot shows
a scatter distribution, where each point corresponds to a
single architecture evaluated on a specific ID or OoD dataset,
depending on the color. The plots complement the correlation
analysis presented in Table 5 and are included here for
completeness.
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