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ABSTRACT

Neural architecture search automates the design of neural network architectures
usually by exploring a large and thus complex architecture search space. To
advance the architecture search, we present a graph diffusion-based NAS ap-
proach that uses discrete conditional graph diffusion processes to generate high-
performing neural network architectures. Our method is based on the idea of
classifier-free guidance, which we introduce for graph diffusion models. We then
propose a multi-conditioned classifier-free guidance approach applied to graph
diffusion networks to jointly impose constraints such as high accuracy and low
hardware latency. Unlike the related work, our method is completely differen-
tiable and requires only a single model training. In our evaluations, we show
promising results on six standard benchmarks, yielding novel and unique archi-
tectures at a fast speed, i.e. less than 0.2 seconds per architecture. Furthermore,
we demonstrate the generalisability and efficiency of our method through experi-
ments on ImageNet dataset.

1 INTRODUCTION

The design of neural network architectures has been normally a manual and time-consuming task,
requiring domain expertise and trial-and-error experimentation (Elsken et al.|(2019)). Neural Archi-
tecture Search (NAS) addresses this limitation by leveraging data-driven methods to automatically
search for well-performing neural network architectures (Liu et al.| (2019); Howard et al.| (2019);
Pham et al|(2018)). Existing works in NAS mostly represent the architectures as graphs and in-
clude search based methods (Li & Talwalkar| (2020); |White et al|(2021b)), reinforcement learning
(Zoph & Le| (2017); Tian et al.,| (2020)), and evolution-based approaches (Real et al.| (2019); |Chu
et al.| (2020)). However, the large size of the architecture search space makes it challenging for these
methods to search for high-performing topologies.

To accelerate the architecture search, generative methods reduce the search queries by learning the
architecture search space and optimising the latent space from which a generator network draws
architectures (Rezaei et al.|(2021);/[Huang & Chu|(2021))). These methods not only enhance the effi-
ciency but also capture intricate architecture distributions, generating novel architectures. However,
the choice of graph generative model significantly impacts the NAS search time. The existing meth-
ods employ complex GAN-based generators (Rezaei et al| (2021))), use computationally intensive
supernets (Huang & Chu|(2021))), or require a separate predictor networks for the generated archi-
tecture performance (Lukasik et al|(2022)). Unlike these methods, we present a diffusion-based
generative approach that is completely differentiable and thus training involves only a single model.
As a result, we reach promising performance with much smaller search time.

Denoising diffusion probabilistic models (DDPMs) (Ho et al.| (2020)) have recently gained atten-
tion because of their ability to effectively model complex data distributions through an iterative
denoising process. DDPMs offer precise generative control, improving distribution coverage com-
pared to other generative models (Dhariwal & Nichol| (2021))). This characteristic makes diffusion
models particularly appealing for NAS, as they fulfil the requirement to generate neural network ar-
chitectures and eventually facilitate the exploration of the search space. In addition to their superior
performance, diffusion models excel in conditional generation through the classifier-free guidance
technique (Ho & Salimans| (2021)). This technique enables the conditioning of diffusion models
on a specific target class, allowing the model to generate samples belonging to that class. While
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classifier-free guidance works well in image synthesis, its potential in graph diffusion networks re-
mains unexplored. Moreover, current guidance approaches are limited by single-class conditioning.
Therefore, we present a multi-conditioned graph diffusion model in which constraints such as high
model accuracy and low latency jointly contribute to architecture sampling.

We introduce a graph diffusion-based NAS approach (DiNAS) that utilises discrete conditional
graph diffusion processes to generate high-performing neural network architectures '} We lever-
age classifier-free (CF) guidance, initially developed for image tasks, and extend its application to
graph models. Additionally, to impose multiple constraints, we propose a multi-conditioned CF
guidance technique, and apply it within our graph diffusion framework. To demonstrate the effec-
tiveness of our proposed method, we perform extensive evaluations on six standard benchmarks,
including experiments on ImageNet (Deng et al. (2009)), and ablation studies to demonstrate state-
of-the-art performance and faster generation rate (less than 0.2 seconds per architecture on a single
GPU) compared to the prior work. To the best of our knowledge, this is the first formulation of
NAS using multi-conditioned graph-based diffusion models. In summary, our contributions are as
follows:

* We introduce a differentiable generative NAS method, which employs discrete conditional
diffusion processes to learn the architecture latent space by training a single model.

* We present the classifier-free guidance for graph diffusion models, and propose a multi-
conditioned diffusion guidance technique, effectively applied within our framework.

* We demonstrate promising results in six standard benchmarks while using less or same
number of queries with rapid generation of novel and unique high-performing architectures.

2 RELATED WORK

Neural Architecture Search (NAS) Automating the neural network architectural design has
gained substantial interest in the past few years (Liu et al.| (2019); Jin et al.| (2019); Zoph et al.
(2018)); Bender et al.|(2018)); [Shala et al.|(2023))). A straightforward approach is to randomly select
and evaluate architectures from the search space (Li & Talwalkar| (2020))). However, the lack of
optimisation in the search space makes this approach inefficient. To address this limitation, earlier
works rely on reinforcement learning (Zoph & Lef(2017); Baker et al.|(2017); Franke et al.| (2021))
to discover well-performing architectures. Gradient-based approaches (Brock et al.| (2018)); Chen
et al. (2021b); |Yang et al.|(2020)) employ gradient-based optimisation, while evolutionary methods
(Real et al.| (2019; 2017)) deploy evolutionary algorithms to perform the search. Although these
approaches exhibit faster search pace than random search due to the optimisation, they are still
regarded slow in searching high-performing architectures (Liu et al.| (2019)). Another major chal-
lenge with search-based methods is the requirement to train networks at each iteration (Luo et al.
(2022)). This becomes particularly problematic when NAS approaches require a substantial number
of iterations to generate well-performing architectures, which is often the case with reinforcement
learning-based methods. This issue is solved by the recently developed generative methods (Lukasik:
et al.|(2021); Rezaei et al. (2021); Lukasik et al.|(2022)), which reduce the search time by learning
the architecture search space. Following the same direction, we present a generative model that
remarkably reduces the search time compared to the prior work, while minimising the performance
loss.

Diffusion Models Although the original idea of data generation through diffusion goes back sev-
eral years (Sohl-Dickstein et al.| (2015)), diffusion models later gained popularity for image (Ho
et al.| (2020); Rombach et al.| (2022); |Saharia et al.| (2022))), text (Austin et al.| (2021)) and more
recently graph generation (Wang et al.| (2022)). The ability of diffusion models to effectively syn-
thesise graphs motivates our work to formulate NAS as a graph generation problem. Nevertheless,
the generation of well-performing architectures requires conditional generation through guidance,
e.g. by specifying the minimum architecture accuracy. Since the current classifier-free guidance ap-
proaches operate only on the image synthesis and are single-conditioned, we present a formulation
of classifier-free guidance for graph-diffusion networks. Then, we introduce a multi-conditioned
graph-diffusion approach that accounts for several constraints in the architecture generation.

'The code will be made available upon paper acceptance.
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3 BACKGROUND: DISCRETE GRAPH DIFFUSION

Diffusion model{] typically work in a continuous space and apply Gaussian noise to the data (Ho
et al.| (2020); |Saharia et al| (2022)). Training a diffusion model to generate graphs in the same
manner, however, leads to the loss of graph sparsity and structural information. DiGress, a discrete
diffusion approach proposed by |Vignac et al.| (2023), addresses this problem with a Markov pro-
cesses as discrete noise model. In this case, the graph comprises of nodes and edges, both being
categorical variables, and the goal is to progressively add or remove edges as well as change graph
node categories. Hence, the diffusion process is applied on the node categories X and edges E
Eventually, this model solves a simple classification task for nodes and edges instead of a complex
distribution learning task, normally performed in generative models like VAEs (Kingma & Welling
(2013))) or DDPMs (Ho et al.| (2020)). Our approach, in principle, follows DiGress to generate
graphs which correspond to neural network architectures.

At each forward step, discrete marginal noise is added to both X and E using the transition proba-
bility matrices () x and Q g respectively, which incorporate the marginal distributions m’y, and m/;.
We select the noisy prior distribution such that it is close to the original data distribution. Then, the
transition matrices are defined as follows:

Qy =a'l+(1-a)limly; Q% =a'l+(1-a")lmh, (1)

where I is the identity matrix, 1; and 1; are the indicator functions, ? is the time-step, and at is the
cosine schedule defined as a* = cos(0.57(¢/T + s)/(1 + s))? with s close to 0.

Training For the reverse (denoising) step, a Graph Transformer network ¢y, parameterised by 6,
is employed. This network learns the mapping between the noisy graphs G and the corresponding
clean graphs G. During training, ¢y can take noisy graphs at any time step ¢ € (1,..,T") to predict
the clean graph. The loss functions for X and E are based on the cross-entropy between their
respective predicted probabilities p& = (p¥,p¥) and the ground-truth graph G = (X, E). The
total loss is then, a weighted sum of node- level and edge-level losses, which is given by:

Lo(p*, X, p" B) = Y CE(w:i,p})+ X Y CElei;,pl), )

1<i<n 1<i,5<n

where C'E is the cross-entropy loss function, A is a parameter to weight the importance of nodes
and edges and, n is the number of nodes.

Sampling Let the posterior distribution be pg. We start from a noisy prior distribution GT ~
(gx(nt) x qr(nr)), where nr is sampled from the node distribution in the training data. Then, we
estimate the node and edge distributions pg (™' |G?) and pg( ~1|G*) using the predicted proba-

bilities p;* and p pij. This can be written as:

po(xi MG = po(al Mz = 2, GNpX (2); pale = polel;eij = e, G")pf (e).
reX ecE
(3)

Finally, sampling new graphs can be seen as iteratively estimating the distribution py(G'~1|G?)
until a clean graph G is obtained. pg(G?~1|G?) can be seen as the product of the node and edge
distributions marginalised over predictions from the network ¢g:

po(GHGY) = ] pe(@i G [ pelel;IGH. (4)
1<i<n 1<4,5<n

The above model successfully handles sparse categorical graph data in a discrete manner, synthesis-
ing graphs from complex data distributions. Therefore, it is suitable for our problem. Nevertheless,

>We provide the background on diffusion models and guidance in the Appendix Sec.
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in our task, we seek to introduce conditioning in discrete graph diffusion models through classifier-
free (CF) guidance. To that end, we propose next a multi-conditioned graph diffusion formulation
for NAS.

4 METHOD

Consider the diffusion model gp comprising of a neural network ¢y paramterised by 6. During
training, the model gp takes the directed acyclic graph G as input and learns to reconstruct G
from the noisy version G, where t € (1,...,7) is the number of diffusion time steps. This
reconstruction is essentially performed by learning to estimate the actual data distribution G from
the noisy version of G, which we denote as Py, through iterative denoising. Following the training
of ¢y, we aim to generate DAGs representing high-performing neural network architectures using
samples from Py, where we denote a sample as z.

Our directed acyclic graph (DAG) representation of architectures follows the standard cell-based
NAS search spaces (Liu et al.|(2019); Klyuchnikov et al.|(2020)), where each cell is a DAG. G con-
sists of a set of nodes and edges. The sequence of nodes in G is represented by X = [v1, va . .. vy],
where the number of nodes is n, and the edges as the adjacency matrix E of shape (n,n). Hence,
each DAG is represented by G = (X, E). Each node is a categorical variable, describing operations,
e.g., I1x1 convolution, while each edge is a binary variable, specifying the presence or absence of the
connection between nodes. In addition, G maps to the ground-truth performance metrics P e.g., the
accuracy and latency of each DAG.

Our objective is twofold, namely to generate valid cells C,, = (X, Ey) from the latent variable
z, sampled from the noise distribution Py and, second, to learn the mapping between the valid
cell C, and its corresponding performance metrics P. The learned mapping is then used to generate
high-performing cells with accuracy close to the maximum achievable accuracy or cells with latency
below a certain latency constraint. Note that a cell is valid when the corresponding DAG is connected
and includes a realistic sequence of nodes.

4.1 DIFFUSION BASED NAS

We consider the unconditional and conditional graph generation. First, we present the unconditional
model that learns to generate valid cells. Since some of the generated cells might have poor perfor-
mance, we propose the single conditioned and multi-conditioned graph diffusion models to generate
just the high-performing cells based on metrics like the model accuracy and latency.

Unconditional model Our unconditional model is based on the discrete denoising graph diffusion
model (Vignac et al.| (2023))), outlined in Section 3] The forward process involves adding discrete
marginal noise Q% and Q% (Eq. [I) to both nodes X and edges E respectively. To perform denoising,
we employ the Graph Transformer network ¢g, which is trained to predict clean graphs G from noisy
graphs G*. While this model effectively captures the data distribution for undirected graphs, it lacks
the ability to incorporate directional information of DAGs. This directional information depicts the
flow of data from input to output in the cells and hence is crucial for generating valid cells. To
address this limitation, we integrate into our model the positional encoding technique by |Vaswani
et al.| (2017b). In detail, we add sinusoidal signals of different frequencies to the node features X
before passing them through the Graph Transformer ¢y, thereby enhancing the network’s capability
to consider sequential information.

Despite the ability of our unconditional model in forming valid cells necessary for complete network
architectures, our goal lies in generating a particular subset of the learned architecture distribution
comprising high-performing cells. To that end, we first condition our model on the accuracy metric.

Conditional model To achieve the generation of high-performing architectures, we propose a
guidance approach, inspired by the classifier-free guidance (Ho & Salimans| (2021)), and inte-
grate it to our unconditional graph diffusion model. Unlike the unconditional model, our condi-
tional model estimates the distribution pg(G!~1|G?, a), essentially by computing the score function
Vgi-1logpg (GG, a) as:
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Vai-1logpy, (GG a) = (1 = 7)Vae-11og pg (G G') + 1V ge-1 log po (GG a),

(&)
where ~ is the guidance scale. The first term of Eq. [5] corresponds to the unconditional distri-
bution pp(G!~!|G?) learning, while the second one corresponds to the conditional distribution
po(G'71|G?, a) learning. Following Ho & Salimans|(2021), we remove the conditioning informa-
tion for some forward passes determined by the control parameter €. This leads to the unconditional
training of the network. For the rest forward passes, we keep this information to enable conditional
training.

Discretisation of the target variable Our guidance approach assumes that the target variable y,
e.g. accuracy or latency, belongs to a finite set such that y € {y1,¥92,...,%w} C R, where w is
the number of possible values of y. However, in our case, y takes continuous values from the real
number domain, R*. To address this issue, we split y into d discrete classes based on their value.
The choice of the split affects the balance of the class data distribution. In our implementation
(Sec.[5.1)), we provide information on how we select the number of classes and splits according to
the problem.

4.2 INCORPORATING MULTIPLE CONDITIONS

Next, we introduce multiple conditions to the diffusion guidance to impose several constraints. Con-
sider the unconditional noise model g that corrupts the data progressively for ¢ time steps. Our
objective is to estimate the reverse conditional diffusion process ¢(G'~1|G', y1, 92, ..., yr ), given
the k independent conditions y1,¥a, ..., yx. Assuming pe(G!~ LGt y1, o, ..., yx) approximates
G(G*Y G y1, y2, ..., yr), we perform the estimation of reverse conditional diffusion process by
computing the score function Vg1 log pe, (G'1|G*, y1, ..., yx) as:

Vg1 logpe, (GG y1, o yk) = (1 — ) Vg1 log pe(GIHGY)

_ (6)
=+ ’Ythfl logp9(Gt 1|Gt7y1a "'ayk)7

where + is the guidance scale. The derivation is provided in Appendix [A.3] Similar to the standard
single-conditioned guidance (Eq.[5), the conditional score function for multi-conditioned guidance
can be expressed as a weighted sum of conditional and unconditional score function. These score
functions can be computed using two forward passes of our network, the unconditional and condi-
tional forward pass.

4.3 TRAINING AND SAMPLING

Training procedure Let ¢y, ..., c; denote the metrics, which we want to constrain e.g. accu-
racy or hardware latency. The training procedure, depicted in Fig. [Ta starts by randomly selecting
the time-step ¢ from the range (1,..,7). Subsequently, the performance metrics P = (cy, ..., cx)
undergo a substitution with a null token () for a probability of ¢ instances. Then, marginal noise
is introduced to both X and E for a duration of ¢ time-steps. Next, each of ¢y, .., ¢ is individually
processed through distinct embeddings, with the resultant embeddings being included to both X and
E. We then apply positional encoding to X. Finally, the resultant graph is provided as input to our
Graph Transformer network ¢g. This network then generates the denoised graph (X, E) which is
used to calculate the loss (Eq.[2). We provide the training algorithm in Appendix Sec.[A.6]

Sampling procedure Let (¢q,..,¢x) be the constraints desired to be imposed (e.g. ¢ =top 5%).
The sampling procedure, depicted in Figure[1b), is initiated with sampling a random noisy graph G*
from the prior distribution (¢x (n7) X ¢g(nr)). Next, we perform two forward passes of our trained
network ¢g, namely the unconditional and conditional pass. In the unconditional pass, (c; = 0, co =
0, ..,cx = 0), where ) is a null token, whereas for the conditional pass, (¢; = ¢y, ..., ¢, = é). Then,
the score estimates are computed for both functions (p. for conditional and p,, for unconditional).
Lastly, we calculate the resulting score by a linear combination of the score estimates and sample a
less noisy graph G*~! with Eq. and This is iteratively performed to produce the clean graph G°.
The sampling algorithm is provided in Appendix Sec.[A.6]and implementation details in Appendix
Sec.[A4
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Figure 1: Training procedure (a): First, we obtain a clean graph G and randomly select time-step
t. Then, we replace the discretised P with () for € probability. Next, we apply marginal noise ¢ to
X and E for ¢ steps. Then, we include embeddings of P to G* and apply positional encoding to X.
Finally, we provide G* as an input to ¢y to predict denoised graph G, used for cross-entropy loss
computation between G and G°. Sampling procedure (b): We first sample noisy graph G* from
(gx (nr) % q(nr)). We perform two network passes: unconditional (with P = ()) and conditional
(with P = P). Next, we compute score estimates (p. for conditional and p,, for unconditional)
and combine. Finally, we sample less noisy graph G*~! using the resultant score combination. We
iterate until clean graph G is produced.

5 EXPERIMENTS

We evaluate our approach on six standard benchmarks- encompassing tabular, surrogate, hardware
aware benchmarks, and the challenging ImageNet image classification task (Deng et al.| (2009)).

5.1 EXPERIMENTAL SETUP

Tabular Benchmarks We first con-

sider the tabular benchmarks- NAS-  Taple 1: Comparison of results on NAS-Bench-101.
Bench-101 (Ying et al.|(2019)) and NAS- >vja]* represents the maximum validation accuracy and
Bench-201 (Dong & Yang| (2020)) for Test’ represents the corresponding test accuracy, both
our experiments. Tabular benchmarks a5 3 mean over 10 runs. Queries are the number of re-

list unique architectures with their corre-  trieval attempts for accuracy from the benchmark.
sponding accuracy. We utilise the valida-

tion accuracy as performance metrics P. Methods Val(%) | Test(%) | Queries |
The evaluation protocol EI follows the es- Optimum 95.06 0432

tablished standard (Yan et al.| (2020); [Wu Arch2vec + RL - 94.10 400
et al.| (2021)) of conducting a search for Arch2vec + BO , 94.05 400
the maximum validation accuracy within NAO ¥ 94.66 93.49 192
a fixed number of queries and reporting BANANAS 94.73 94.09 192
the corresponding test accuracy, both as a Local Search 94.57 93.97 192
mean over 10 runs. Random Search ! | 94.31 | 93.61 192
For NAS-Bench-101, we compare our  Bayesian Optimisation ' | 94.57 93.96 192
approach with Arch2Vec (Yan et al. WeakNAS - 94.18 200
(2020)), NAO (Luo et al. (2018)), BA- Regularised Evolution ¥ 94.47 93.89 192
NANAS (White et al.|(2021a)), Bayesian AG-Net 94.90 94.18 192
Optimisation (Snoek et al.|(2015))), Local DiINAS (ours) 94.98 94.27 150

Search (White et al.| (2021b)), Random

Search (Li & Talwalkar (2020)), Regu-

larised Evolution (Real et al.| (2019)), WeakNAS (Wu et al.| (2021)) and AG-Net (Lukasik et al.
(2022)). For NAS-Bench-201, our approach is evaluated against SGNAS (Huang & Chu| (2021)),
GANAS (Rezaei et al.[(2021)), BANANAS, Bayesian Optimisation, Random Search and AG-Net.
The corresponding results are reported in Tables [I|and 2]

3The detailed evaluation protocol for each benchmark can be found in Appendix
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Table 2: Comparison of results on NAS-Bench-201 for different datasets. ’Val’ represents the maxi-
mum validation accuracy and *Test’ represents the corresponding test accuracy, both as a mean over
10 runs. Queries are the number of retrieval attempts for accuracy from the benchmark.

Methods CIFAR-10 CIFAR-100 ImageNet16-120 | Queries |
Val(%) | Test (%) | Val(%) | Test(%) | Val(%) | Test(%)

Optimum®* 91.61 94.37 73.49 73.51 46.77 47.31 -

SGNAS 90.18 93.53 70.28 70.31 44.65 44.98 -
BANANAS * 91.56 94.30 73.49* 73.50 46.65 46.51 192
Bayesian Opt.’ 91.54 94.22 73.26 73.22 46.43 46.40 192
Random Search” | 91.12 93.89 72.08 72.07 45.97 45.98 192
GANAS - 94.34 - 73.28 - 46.80 444
AG-Net 91.60 94.37* | 73.49% | 73.51* 46.64 46.43 192
DiNAS (ours) 91.61* | 94.37* | 73.49*% | 73.51* 46.66 45.41 192

Table 3: Comparison of results on NAS-Bench-301 (left) and NAS-Bench-NLP (right). *Val’ repre-
sents the maximum validation accuracy as a mean over 10 runs. Queries are the number of retrieval
attempts for accuracy from the benchmark.

Methods NAS-Bench-301 NAS-Bench-NLP
Val(%) | Queries] | Val(%) | Queries|
BANANAS' 94.47 192 95.68 304
Bayesian Opt." 94.71 192 - -
Random Search’ 94.31 192 95.64 304
Regularised Evolution® | 94.75 192 95.66 304
AG-Net # 94.79 192 95.95 304
DiNAS (ours) 94.92 100 96.06 304

Surrogate Benchmarks Next, we evaluate our method on surrogate benchmarks. Surrogate
benchmarks operate on significantly larger search spaces like DARTS (Liu et al.|(2019)) or NAS-
Bench-NLP (Klyuchnikov et al.|(2020)) and therefore use a simple surrogate predictor to estimate
the ground truth accuracy. We perform our experiments on two surrogate benchmarks, the NAS-
Bench-301 (Siems et al.|(2021))) (trained on CIFAR-10 (Krizhevsky et al.|(2009))) on DARTS search
space and NAS-Bench-NLP. We report the maximum validation accuracy as a mean over 10 runs,
along with the number of queries and compare our method to the prior work as with NAS-Bench-
101. The results are presented in Table 3]

Hardware Aware Benchmark Our next evaluation is on the Hardware Aware Benchmark (HW-
NAS-Bench) (Li et al.| (2021))). HW-NAS-Bench provides hardware information (e.g. latency) along
with the accuracy for multiple edge devices. We follow the standard protocol (Lukasik et al.|(2022))
and report the accuracy of best found architectures for ImageNet classification task given the latency
constraint (in milliseconds) as a mean over 10 runs along with the number of queries. We also report
the feasibility, which indicates the percentage of generated architectures following the given latency
constraint. We compare our approach to Random Search and AG-Net as strong baselines for multiple
devices each in multiple latency constraints. The results are available in Table[d]

Experiments on ImageNet Lastly, we conduct experiments on the large-scale image classifica-
tion task ImageNet (Deng et al.| (2009)), following the protocol from [Liu et al.| (2019); |Chen et al.
(2021a). This involves training and evaluating the best generated architecture from NASBench301
(trained on CIFARI10 image classification task) on the ImageNet dataset. We report the top-1 and
top-5 errors along with the number of queries and search time (in GPU hours), comparing our
method to several robust baselines (e.g. DARTS, TENAS (Chen et al.| (2021a)), NASNET-A (Zoph
et al.[(2018))) and AG-Net. To ensure a fair comparison, we report the results of methods with search
on CIFAR-10 and evaluation on ImageNet. We summarise the results in Table 5]

“Note that [Lukasik et al.|(2022) refers to validation accuracy of NAS-Bench-NLP as validation perplexity
TResults taken from |Lukasik et al.| (2022)
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Table 4: Comparison of results on HW-NAS-Bench. *Val’ represents the maximum validation accu-
racy as a mean over 10 runs and ’Feas’ represents the feasibility considering generations of all the
runs. Queries are the number of retrieval attempts for accuracy and latency from the benchmark.

Device Lat. (ms) DiNAS AG-Net Random | Queries |
Val(%) | Feas. (%)1 | Val(%) | Feas. (%) | Val(%)
2 39.44 92.60 39.70 29.00 37.20 200
EdgeGPU 4 43.91 93.20 42.80 29.00 41.70 200
6 45.03 66.35 45.30 64.00 44.90 200
2 34.67 92.80 34.60 28.00 33.90 200
Raspi4 4 43.25 77.80 42.00 47.00 41.90 200
6 44.72 57.70 44.00 56.00 43.20 200
EdgeTPU 1 45.31 48.37 46.40 74.00 45.40 200
2 40.01 97.30 40.90 48.00 38.80 200
Pixel3 4 44.74 82.50 45.30 69.00 43.8 200
6 45.95 78.50 45.70 77.00 45.1 200
Eyeris 1 44.67 78.12 44.50 49.00 43.30 200
FPGA 1 44.53 91.65 43.30 65.00 42.90 200

Table 5: Comparison of results for top-1, top-5 errors and search time in GPU hours on ImageNet.

Methods Top-1| | Top-5] | Queries] | Search Time (GPU hrs),
NASNET-A 26.0 8.4 20000 48000
DARTS 26.7 8.7 - 96
TENAS 26.2 8.3 - 1.2
AG-Net 24.1 7.2 304 0.48
DiNAS (ours) 24.8 7.4 100 0.001

Implementation We empirically found that in our task, d = 2 for the accuracy metric has a
slightly superior performance over other values of d (see ablation study in Appendix Sec. and
thus, we discretise the accuracy into two classes. One class includes > f;;, percentile of accuracy
values, while the remaining values belong to the other class. Using higher values of f for accuracy
generates better-performing architectures, but they also lead to class imbalance, thereby reducing the
model performance. We address this issue by modifying f depending on the data availability of the
specific benchmark. For generating high performing samples, the model is conditioned to generate
the samples belonging to > f,;, percentile class for accuracy during the sampling process. Specific
values for each benchmark can be found in the Appendix Sec. For the metric of latency in the
hardware-aware benchmark (L1 et al.| (2021)), we wish to generate high-performing architectures
lower than the given latency constraint. To achieve this, we discretize latency into two discrete
classes- one below the constraint value and one above the constraint.

5.2 DISCUSSION OF RESULTS

Tabular Benchmarks Tables[I]and 2] present empirical evidence of the superior performance of our
proposed method in the context of tabular benchmarks. Across both tabular benchmarks, our ap-
proach consistently outperforms the SOTA or converges to optimal validation accuracy. Notably, for
NAS-Bench-101, our method concurrently reduces query count by 25%, demonstrating its effective-
ness. GANAS exhibits a slightly better test accuracy on ImageNet in NAS-Bench-201 experiments,
which can be explained by the fact that our method searches for the best architecture in terms of
validation accuracy and the best validation accuracy does not necessarily imply best test accuracy.

Surrogate Benchmarks Furthermore, the results in Table E] demonstrate that DiINAS excels in sur-
rogate benchmarks as well. Our method achieves the SOTA in nearly 50% reduction in queries
for NAS-Bench-301 and the same query count in NAS-Bench-NLP, surpassing the performance of
previous methods such as Random Search, Bayesian Optimisation, and AG-Net. The results from
NAS-Bench-NLP experiment also prove that our approach is not only effective in image classifica-
tion tasks but also in NLP tasks, proving our approach to be task-independent.
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Hardware-Aware benchmark From Table i we can observe that our approach outperforms Ran-
dom Search in most cases and surpassing AG-Net in over half of them. Additionally, our method
excels in feasibility across diverse devices and latency constraints while using the same number of
queries compared to AG-Net, proving that our multi-conditioned guidance was indeed able to repli-
cate the behaviour of multiple independent predictors (for accuracy and latency) using a single set
of hyperparameters.

ImageNet Lastly, we can observe from Table [5] that our approach demonstrates competitive per-
formance with low top-1 and top-5 error rates on ImageNet, outperforming robust baselines such
as DARTS, NASNET-A and TENAS while requiring almost a third of the queries and significantly
less search time (400x less compared to AG-Net, and three orders of magnitude less compared
to DARTS). However, the CIFAR-10 generations from AG-Net are slightly better performing on
ImageNet than our method, with 0.7% difference in top-1 error rate and 0.2% difference in top-5
error rate. This experiment also highlights that the generated architectures from our method possess
generalisation capabilities across different datasets.

5.3 ABLATION STUDIES

We conduct an analysis of novelty and uniqueness for the generated architectures. We start by
generating 2000 architectures based on our proposed method. To assess novelty, we calculate the
percentage of generated samples absent in the training data whereas to assess uniqueness, we calcu-
late the ratio of architectures present just once in the generations to the total number of generations.
Given the enormous size of DARTS and NAS-Bench-NLP search spaces, we consider NAS-Bench-
301 and NAS-Bench-NLP for our analysis. Furthermore, to examine the efficiency of our method,
we record and report the training times for our method (for 100 epochs), along with the sampling
times per architecture using a single NVIDIA A6000 GPU on five different benchmarks. We can
observe the results of our ablation studies in Table[6] Note that for benchmarks involving multiple
cases (e.g. HWNAS and NAS-Bench-201), we take the mean of the training times for all cases.

Table 6: Ablation study on novelty analysis (left) and efficiency analysis (right). Note that "Nov’
represents the novelty ratio and *Uni’ represents the uniqueness ratio. The training time is reported
in hours and sampling time in seconds.

Benchmark Train (hrs)] | Sample (sec)]
NB101 0.96 0.09
Benchmark Nov.(%) 1 | Uni.(%) © NB201 0.25 0.08
NAS-Bench-301 100 97.37 NB301 (Normal) 8.3 0.14
NAS-Bench-NLP 100 97.57 NB301 (Reduced) 8.3 0.14
NBNLP 0.95 0.15
HWNAS 1.5 0.08

We observe from the results of the novelty analysis that in both the cases all the generated sam-
ples are novel and most of them are unique, proving that our method is not just selecting the best-
performing architectures from the training set. Moreover, we can observe that the sampling rates of
each benchmark are in milliseconds, proving the rapid generation capabilities of our method.

6 CONCLUSION

We presented a generative method to facilitate the search process for neural architectures. Our
approach uses a conditional graph diffusion model to rapidly generate novel, unique and high-
performing neural network architectures. In this context, we first formulated the classifier-free guid-
ance for graph diffusion models and then proposed a multi-conditioned classifier-free guidance for
diffusion models. Unlike the related work, our method does not require an external surrogate pre-
dictor and is thus differentiable. In the experiments, we demonstrated state-of-the-art performance
in tabular, surrogate and hardware-aware evaluations by considering six standard benchmarks. Fur-
thermore, we have shown the search efficiency of our approach compared to the previous work using
experiments on ImageNet. We observed that our method is two orders of magnitude faster than other
generative NAS approaches and at least three orders of magnitude faster than classic approaches.
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A APPENDIX

A.1 FURTHER EXPERIMENTS

A.1.1 REQUIRED NUMBER OF TRAINING SAMPLES

This section analyses the performance of our method on DARTS search space (Liu et al.| (2019))
when trained on different number of samples. In particular, we consider training in three scenarios-
on 100,000 samples, 10,000 samples and 1,000 samples, for which, we randomly sample the given
number of training samples from DARTS search space and follow the same training protocol as our
experiments on NAS-Bench-301. Upon training in each case, 192 architectures are generated for a
total of 10 runs and the maximum validation accuracy is reported as a mean over these runs. In ad-
dition, we calculate and report the novelty and uniqueness of the generated architectures, calculated
using the same methodology as Section [5.3] considering generations from all the 10 runs. Finally,
we report the number of queries. The results for this ablation study are reported in Table

Table 7: Peformance on NAS-Bench-301 (Siems et al.| (2021)) with different number of samples.
The Val. acc represents the maximum validation accuracy, reported as a mean over 10 runs, whereas
novelty and uniqueness are calculated considering the generations from all the runs. Queries are the
number of retrieval attempts for accuracy from the benchmark.

Training Samples | Val acc.(%) 1 | Novelty(%) T | Uniqueness(%) T | Queries
100,000 94.92 100 97.37 192
10,000 94.89 100 100 192
1,000 85.29 100 100 192

We observe from Table [/|that our method learns the architectural representation and finds the high-
performing architectures with one tenth of the number of training samples as well. However, the
mean maximum validation accuracy drops when we further reduce the training samples to 1000. We
found out that the reason for this decline was the unavailability of any valid generations in one of the
runs. This resulted in the maximum validation accuracy for that run to be 0, which influenced the
mean. From this, we can conclude that the data capture capabilities of our model are compromised
when training on a very small number of samples. Moreover, we observe that the novelty and
uniqueness ratios do not suffer at all when reducing the training data availability.

A.1.2 NUMBER OF CLASSES FOR GUIDANCE

The goal of this ablation study is to analyse the effect of the number of classes d for accuracy
present in the training data on our approach. We train and evaluate our method on NAS-Bench-201
(Dong & Yang|(2020)) for the task of CIFAR-10 image classification involving four different cases:
d =1{2,3,4,5}. We use the same training and evaluation protocol as experiments in Table The
split of the data into classes, denoted as sp, is performed depending on specific percentiles f =
(f1, f2y .-, fa—1) of the accuracy. For instance, for two classes, f = 95 and the split s; = [95;, —
1004, O¢p, — 9545, while for three classes, f = [80,95] and s = [95¢;, — 10044, 80¢n, — 95¢p, Orp, —
80¢7]. In all the cases, we generate architectures belonging to the class of >95th percentile. The
choice of f is empirical as it does not affect the samples in the class we want to condition our model
on (i.e. > 95, percentile). We report the maximum validation accuracy and the corresponding test
accuracy, both as a mean over 10 runs, along with the number of queries. Moreover, we report the
percentiles f used for splitting. The results for this study are reported in Table

We observe from Table 8] that discretising the accuracy into two classes results in a slightly superior
performance over other values of d. However, the differences are marginal.

A.2 ADDITIONAL BACKGROUND

A.2.1 DENOISING DIFFUSION PROBABILISTIC MODELS

Denoising Diffusion Probabilistic Models (DDPMs) (Ho et al.| (2020)) comprise two fundamental
processes, namely, forward and reverse processes. The forward process sequentially corrupts the
data sample x using a noise model ¢ that follows a Gaussian distribution until x reaches a state
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Table 8: Comparison of results on NAS-Bench-201 for CIFAR-10 when using different number of
classes. Here, f represents the percentiles used for splitting the data into classes, ’Val’ and *Test’
represent the maximum validation accuracy and the corresponding test accuracy, both represented as
a mean over 10 runs. Queries are the number of retrieval attempts for accuracy from the benchmark.

Number of classes (d) f Val(%)1 | Test(%)T | Queries
2 [95] 91.61 94.37 192
3 [80, 95] 91.60 94.00 192
4 [50, 80, 95] 91.52 93.79 192
5 [30, 50, 80, 95] 91.57 93.89 192

of pure noise. The noisy variants of x are denoted as (x',x2,...,xT), where T represents the

total number of corruption steps. Subsequently, the reverse process involves learning a denoising
model represented as a deep neural network ¢y with parameters 6 to estimate the noise state of
sample X at time step £ — 1, i.e. x'~! given the current state x*. This is achieved using a scoring
function that maximises the likelihood of x*~!. Formally, the scoring function is defined as Sr =
V-1 log pg(xt~1|x?) which corresponds to the gradient of the log-likelihood with respect to state
x!~!. Following the network training, another data point can be sampled from a noisy prior (denoted
as z1), and by iterative denoising the data point (i.e. predicting z'~! from z‘), a sample z° is
obtained, which corresponds to the original data distribution. This process is referred to as the
sampling process.

Diffusion models can generate high-quality samples from complex data distributions. However,
in our task, we do not intend to sample from the entire distribution but a subset of it containing
high-performing and/or low latency architectures. Hence, diffusion models need to be modified to
incorporate conditioning. This can be achieved using conditional diffusion models.

A.2.2 CONDITIONAL DIFFUSION MODELS WITH GUIDANCE

The conditional diffusion model estimates the distribution py(x!~!|x!,y). From Bayes rule, we
have:

po(x"Hx', ) o pa(x', ylx'Hp(x* ). (7

To ensure the balance between sampling diversity and quality, generative models can incorporate
guidance scale -y, modifying the Eq.[/|to:

po(x"Hx" y) o po(x, ylx" 1) T p(x*h). (8)

Specifically, increasing -y sharpens the distribution which favors enhanced sample quality at the ex-
pense of sample diversity during the sampling process, referred to as guidance in diffusion models.
To guide a diffusion model for labelled data, the model is conditioned on the classification target y
and the score function V-1 log pg(x‘~t|x?, y) is computed. [Dhariwal & Nichol (2021) approach
this problem using an external classifier (parameterised by 1) where the score function S is mod-
ified to include the gradients of the classifier. The reformulated score function is then the weighted
sum of the unconditional score function and the conditioning term obtained by the classifier, defined
as:

Vi1 log pa(x'Hx", y) = Vye1 logpe(x'Hx") + yVye-1 log py (y|x 1), 9)
While we have successfully expressed the reverse denoising process as a weighted sum of two
score functions, estimation of the conditional score function requires training a separate classifier.
Moreover, calculating log py, (y|x'~!) requires inferring y from noisy data x’. Although feeding
noisy data to the classifier yields decent performance, it disrupts the robustness of the model since
it ignores most of the original input signal. To address this issue, |Ho & Salimans| (2021) came up
with the classifier-free guidance, which develops the classifier using the generative model itself. In
this case, the score function is defined as:

Vye-1logpe, (x'7Hx! y) = (1 — 7) Va1 log pg (x' 7 |x") + 7 V-1 log po(x' 1 x", y).  (10)

Eq. [I0] demonstrates that it is possible to achieve the same behaviour as the classifier-based guid-
ance without explicitly using a classifier. This is achieved through a weighted sum, specifically a
barycentric combination, of the conditional and unconditional score functions.
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A.3 PROOFS AND DERIVATIONS

Derivation 1: Let ¢ be the unconditional Markovian noise model and ¢ be the conditional noising
process similar to q. We define our aim as decomposing §(G'~1|G?, y1, 9, ..., yx ) and then deriving
the score function for the multi-conditioned diffusion process. We start by expanding the term:

Q(Gtila Gt7y17y27 .. 'ayk)

~ t—1 t
UGG vy o) = 4(GH Y1, Y2, -+, Yk) (v
_dGTL Gy, (12)
41,2, -, yk|G*)q(G?)
_ (j(yla“-7yk|Gt_17Gt)(j(Gt_l7Gt) (13)
a1, 92, - - yk|G*)4(GY)
_ s, -y G GGG G(GY) (14)
Y1, v2,- -, yk|G)G(GY)
_ 4y, ul G GGG (15)

41,92, -, yx|G*)

Dhariwal & Nichol| (2021) prove that the classification term (in our case §(y1, . .. ,yk|Gt_1, G1))
does not depend on the noisier version of G (i.e. G%) and can be rewritten as q(y1,- .- ,yk.|Gt*1).
Furthermore, they also show that § behaves the same as ¢ when not conditioned on the classification
targets 1, . . ., y,. We use these findings to further simplify Eq. [I3]to:

q(r, .-yl G Hg(GGY)

pS 16
q(yl7y2a"'7yk:‘Gt) ( )

(j(Gt71|Gtaylay23 v 7yk) =

We assume that the generative model py(G'~!|G') approximates ¢(G'~1|G') and the classifier
Py (U1, .., yx|GI™1) approximates §(y1, . . . , yx|G?~1). By substituting the distributions with their
approximations, taking the logarithm and calculating the gradients w.r.t. G*~!, we obtain the fol-
lowing score function:

Vai-110gpo.y (GG g1, ooy yi) = Vgi-1 log pg (GG 4V gi-1 log py (y1, .., ye |G ),
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where G* and G*~! represent the DAG G at time step ¢ and t — 1 respectively, 9 are the classi-
fier parameters and 6 are the generative model parameters. Similar to the standard classifier-based
guidance (Dhariwal & Nicholl (2021)), we multiply the conditioning term by a factor of v . Thus,
we can express the reverse denoising process as a weighted sum of the unconditional score function
Vgi-1logpe(Gi~1G?) and the conditioning term Vg¢-1 log py (y1, - - ., yi|GP™1), given by:

Vgi-1 logpgmw(Gt_HGt, Y1, Yk) = Vg1 logpe(GH G+ Vi1 log py (1, - - -, yk|GTY),
(18)

where + is the guidance scale. Then, by substituting the conditioning term
Vai-1logpy(y1, ..., yx|G'™1) from Eq. and removing the classifier parameters ), we
obtain:

Vae-1logpe, (GG y1, ., y) = (1 =) Vi1 log pp (G GT) (19)
+9Vai-1 logpe (GG Y1,y yk).

Hence, as we can observe from Equation we have successfully derived the score function of
multi-conditioned diffusion guidance.

A.4 IMPLEMENTATION DETAILS

Our proposed method involves training a Graph Transformer network, proposed by|Dwivedi & Bres-
son|(2021), for denoising. This network comprises of an input node/edge wise MLP layer, followed
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by 5 Graph Transformer layers and, node/edge wise MLP as the output layer. Each Graph Trans-
former layer consists of three main parts: a self-attention module similar to the one found in the
standard Transformer model (Vaswani et al.| (2017a))), a fully connected layer, and layer normali-
sation. All the models were trained for 100 epochs with a learning rate of 0.0002, batch-size of
16, weight decay of 10~'2, and using AdamW optimiser (Loshchilov & Hutter (2017)) on a single
NVIDIA A6000 GPU with 48GB VRAM. For noising, we use cosine noise schedule for 7' = 500
time-steps. The hyperparameters used in our method were derived from the code from Vignac et al.
(2023).

For the evaluation on ImageNet, we employ the same training pipeline and code as AG-Net (Lukasik
et al.| (2022)) and TENAS (Chen et al.|(20214)), taken from|Chen| (2022)). We train the best generated
architecture in terms of validation accuracy from NAS-Bench-301 on ImageNet for 250 epochs. The
initial learning rate is set to 0.5 with a cosine learning rate scheduler and the batch size is set to 1024.
The ImageNet training is performed on 3 NVIDIA V100 GPUs parallelly in a distributed manner.

A.5 EVALUATION PROTOCOLS

NAS-Bench 101 and NAS-Bench 201 We generate a fixed number of architectures (equal to the
respective number of queries) and query them on both the benchmarks to find the maximum vali-
dation accuracy and its corresponding test accuracy. This process is repeated 10 times to calculate
the mean maximum validation accuracy and mean corresponding test accuracy. Note that we use
f =99 for NAS-Bench-101 experiments and f = 95 for NAS-Bench-201 experiments.

NAS-Bench-301 To evaluate our approach on NAS-Bench-301, a random subset of 100,000 ar-
chitectures is selected from the DARTS search space. As surrogate benchmarks do not provide
accuracy, the accuracy of the selected architectures are calculated using a pre-trained surrogate pre-
dictor XG-Boost (Chen & Guestrin| (2016)) provided with NAS-Bench-301. Next, the network is
trained using normal cells from this dataset, producing 10 normal cells from > f;;, class. Next, this
process is repeated to produce 10 reduction cells. The evaluation involves 100 queries, considering
all possible combinations of the 10 generated normal and 10 reduction cells. For each query, the
highest validation accuracy and its corresponding test accuracy are recorded. This entire process
is iterated 10 times, yielding mean values for these recorded accuracies. We use f = 99 for this
benchmark.

NAS-Bench-NLP Given the enormity of this search space, we employ NAS-Bench-X11 (Yan
et al. (2021)) as a surrogate predictor to obtain accuracy for these architectures, trained specifically
on the Penn TreeBank dataset (Marcus et al.[(1993)). However, it should be noted that NAS-Bench-
X11 is only capable of handling graphs with up to 12 nodes, which filters our dataset to include the
total of 7,258 architectures. After training, we generate 304 architectures and estimate their accuracy
using NAS-Bench-X11. The process is repeated 10 times. We set f = 99 for this benchmark.

HW-NAS-Bench For this evaluation, we consider 12 distinct cases for latency and device con-
straints. Upon each training, our method generates 200 architectures which are then queried
on the benchmark. We adopt two conditions simultaneously, namely the accuracy should be in
> fin (= 95) percentile class and the latency should satisfy the given constraint. We repeat the gen-
eration process for 10 runs and report the mean of the validation accuracy, along with the feasibility
and number of queries.

ImageNet We start by generating 100 architectures through our approach trained on NAS-Bench-
301. Then, we select the best architecture in terms of validation accuracy. Next, we train the
network using the same training pipeline and code as TENAS (Chen et al.| (2021a)). Finally, we
save the weights from the epoch where the top-1 and top-5 validation errors are minimum and report
the top-1 and top-5 errors in Table[5]

A.6 DETAILED TRAINING/SAMPLING PROCEDURES

The algorithms for training and sampling procedures of our approach are presented in Alg. [T] and

Alg.
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Algorithm 1 Training DiINAS
Input: G° = (X, E, ¢y, ...,cx) and ¢

t~uv(l,.,T) > Sample t randomly from (1,...7T")
1, ..., c < ) with probability e > Conditional dropout to train unconditionally
G! + (XQ%,EQ%, c1, ..., ck) > Apply marginal noise for ¢ time steps
G! «+ (G, Emb(cy), ..., Emb(cy)) > Append embeddings to nodes and edges
X!+ Xt 4 PosEnc(X?) > Add sinusoids to X for positional encoding
pX, pF < pe(Glcy..., cr) > Forward pass
optimiser.step(La(p*, X, p¥, E)) > Calculate loss and optimise (Eq.

Algorithm 2 Sampling from DiNAS

Input: guidance scale 7, and conditions ¢y, .., ¢
Sample ny number of nodes from training data distribution

Sample random graph G* ~ (¢x (n7) X qr(nr)) > Sample from prior distribution
fort =Tto1ldo
P pE = pe(Gller = 0,...;cr = 0) > Unconditional forward pass
P, pE = po(Glley = é1, .., cx = é) > Conditional forward pass
P = (1 —9)pX +4pX > Linear combination of score estimates
pE = (1 —4)pE + 4pF > Linear combination of score estimates
Calculate pp(zt~*|G?) and pg(ef;1|Gt) > Eq. 1|
G~ IL pg(x§71|Gt) Hij pG(eZl‘Gt) > Sample G*~' (Eq. '
end for
return G°

A.7 BENCHMARK DESCRIPTIONS
A.7.1 NAS-BENCH-101

NAS-Bench-101 (Ying et al.|(2019)) is a cell-based tabular benchmark, comprising a large collection
of 423,624 distinct architectures represented as cells. These architectures are also mapped to their
respective validation and test accuracy metrics, evaluated on CIFAR-10 image classification task. In
this benchmark, the cells are constrained to have a maximum of 7 nodes and 9 edges. Specifically,
the first and last nodes within these cells serve as input and output nodes. Intermediate nodes within
the cells can take on one of three possible operations: 1x1 convolution, 3x3 convolution, or 3x3
max-pooling. Furthermore, it is important to note that each convolutional operation is preceded by
batch normalisation, followed by a Rectified Linear Unit (ReLU) activation function.

A.7.2 NAS-BENCH-201

Another cell-based tabular benchmark is NAS-Bench-201 (Dong & Yang| (2020)), which contains
data for 15,625 architectures (cells) trained on 3 datasets- CIFAR-10, CIFAR-100 (Krizhevsky et al.
(2009)) and ImageNet16-120 (Deng et al.| (2009)). In contrast to NAS-Bench-101, each edge of a
cell in NAS-Bench-201 is associated to an operation drawn from a predefined operation set O =
{1x1 convolution, 3x3 convolution, 3x3 avg pooling, skip, zero}. In our training and experiments
on NAS-Bench-201, we convert the edge based representation to node-based representation, where
each node is associated with an operation, similar to NAS-Bench-101. This conversion is in line
with the conversion in Arch2Vec (Yan et al.|(2020)). Each cell comprises 4 nodes and 6 edges and
the adjacency matrices are identical to one another. The existence of operations like zero and skip
enforces the structural diversity in different architectures.

A.7.3 NAS-BENCH-301

NAS-Bench-301 (Siems et al.|(2021)) is a surrogate benchmark that trains and evaluates several per-
formance predictors on 60,000 sampled architectures from DARTS search space (Liu et al.[(2019)).
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These learned performance (surrogate) predictors are then able to predict the accuracy of architec-
tures in DARTS search space (comprising 108 architectures). The architectures in DARTS comprise
of a normal cell and a reduction cell. Each cell has a maximum of 7 nodes and 12 edges with each
edge associated with an operation drawn from the set O = { 3x3 sep. conv., 3x3 dil. conv., 5x5
sep. conv, 3x3 average pooling, identity, zero }. We utilise a pretrained XGBoost (Chen & Guestrin
(2016)) provided by Siems et al.|(2021) as the surrogate predictor for our experiments.

A.7.4 NAS-BENCH-NLP

NAS-Bench-NLP is the first NAS benchmark designed for Natural Language Processing tasks
(Klyuchnikov et al.[(2020)). While its search space is extremely large with the total of 10° archi-
tectures, NAS-Bench-NLP provides 14,322 architectures trained on Penn TreeBank dataset (Marcus
et al.| (1993)). Each cell in the search space has a maximum of 24 nodes, 3 hidden states and 3
linear input vectors. The nodes in each cell depict the operations drawn from the set O = {Linear,
blending, product, sum, tanh, sigmoid, LeakyRELU }.We utilise the surrogate predictor provided
by NAS-Bench-X11 (?) for this benchmark.

A.7.5 HW-NAS-BENCH

HW-NAS-Bench is a unique benchmark that provides hardware-specific details, including latency
and energy cost, across various devices along with their respective accuracy. These devices encom-
pass a diverse set of hardware platforms, including EdgeGPU, Raspi4, Pixel3, EdgeTPU, Eyeriss,
Pixel3, and FPGA. Crucially, HW-NAS-Bench operates within two distinct search spaces: NAS-
Bench-201 (Dong & Yang| (2020)) and FB-Net (Wu et al.| (2019)). In our experiments, we utilise
latency information as hardware constraint, within the context of the NAS-Bench-201 search space.
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