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Abstract

As a representative technique in neural architecture search,
neural architecture generation aims to construct high-
performance architectures for a given task directly. It is
poised to replace the inefficient random exploration com-
ponents of some search strategies, such as the acquisition
strategies in Bayesian optimization. Despite significant re-
search, current architecture generation techniques face prob-
lems such as low generation efficiency and insufficient con-
straints, leading to invalidly generated architectures. To this
end, we propose Progressive Neural Architecture Genera-
tion (PNAG), which constructs architectures incrementally
through coarse-to-fine evolution, enhancing generation effi-
ciency, and incorporates step-wise refinements to ensure the
validity of the generated architecture. To achieve this, PNAG
involves two modules, multi-scale sub-architecture quanti-
zation (MSQ) and step-wise consistency constraint (SCC).
Specifically, MSQ constructs sub-architectures using quanti-
zation decoding and progressively expands them, transition-
ing from simple to complex forms. This operation bypasses
network inference to enhance efficiency. Complementing
MSQ, SCC, implemented through a tailored regularization
mechanism, introduces penalties for deviations during sub-
architecture generation, guiding the process towards valid
target architectures. As such, PNAG establishes a clear gen-
eration path, laying the groundwork for generating suitable
architectures in downstream tasks. Extensive experiments
demonstrate that PNAG not only generates superior archi-
tectures for various downstream tasks (+8.43%/+5.07%,
on average) but also significantly improves generation effi-
ciency, reducing the architecture generation time by 1300 X.
Furthermore, PNAG demonstrates strong extensibility by suc-
cessfully generating Transformer-based architectures.

1. Introduction

While search strategies endow Neural Architecture Search
(NAS) with automated exploration capabilities [39, 47, 49],
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Figure 1. PNAG can replace any stochastic step in the NAS pipeline,
such as random initialization and sampling.

they still harbor subtle and often overlooked pitfalls. For
instance, random initialization in evolutionary algorithms
or Bayesian optimization may inadvertently introduce un-
certainty and bias into the search process. To overcome
these challenges, Neural Architecture Generation (NAG) [1]
emerges as a novel paradigm, capable of directly construct-
ing high-quality candidate architectures for a task-specific
search process, thereby obviating the need for random or
uncertain exploration steps (c.f:, Fig. 1). Recent studies
have demonstrated this potential through graph-based gener-
ative approaches. Hemmi [23] proposes a graph Variational
AutoEncoder (VAE)-based NAG method, where the final
architecture is generated by sampling in the graph latent
space through a complex decoder, while An [1] proposes a
graph diffusion model and generates the final architecture by
multiple iterative denoising in the latent space.

Despite considerable progress, current generation meth-
ods still face limitations in two key aspects. The first issue is
Generation Efficiency, which reflects the computational cost
required to produce valid architectures. Existing generation
techniques often involve complex and computation-intensive
procedures, such as reconstructing architectures through de-
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coders [23] or iteratively refining outputs via neural layers
[1, 2]. These approaches rely on repeated transformations in
high-dimensional latent spaces through network inference,
which significantly increases computational overhead and
limits the efficiency of the generation process. The second is-
sue concerns Architectural Validity, referring to whether the
generated architectures can be properly trained and executed.
Current generation methods typically impose validity con-
straints only on the final output architecture while neglecting
intermediate-stage supervision, which is essential for main-
taining structural correctness throughout the generation pro-
cess. Although recent approaches, such as diffusion-based
generation [1], attempt to guide the process incrementally,
they still lack architectural-level supervision and thus fail to
guarantee the validity of the resulting architectures.

To this end, we propose Progressive Neural Architecture
Generation (PNAG), which constructs architectures incre-
mentally through coarse-to-fine linear evolution, enhanc-
ing generation efficiency, and incorporates step-wise refine-
ments to ensure the validity of the generated architecture (c.f.,
Fig. 1). PNAG reformulates the generation process as an au-
toregressive (AR) learning process on architectures, where
each AR unit is a fully functional sub-architecture, gradually
evolving from a simple (coarse) to a complex (fine) form.
This process is driven by two key modules: multi-scale sub-
architecture quantization (MSQ) and step-wise consistency
constraint (SCC). In particular, MSQ employs quantization
decoding [44] to obtain structural elements and progressively
enriches the sub-architecture by increasing the number of
elements, thereby transforming the sub-architecture from a
simple to a complex form until the final architecture is gen-
erated. Since the generation process of the sub-architecture
relies solely on linear generation, the computation time can
be significantly reduced. Complementing MSQ, SCC em-
ploys a tailored regularization mechanism that penalizes
deviations during sub-architecture generation, ensuring the
structural rationality of each intermediate sub-architecture
and guiding the process towards a valid target architecture.
Unlike existing generation methods, PNAG is a tailored ar-
chitecture generation approach with a discrete generation
process that aligns better with architectural properties.

‘We conduct extensive experiments on several benchmark
datasets, i.e., NAS-Bench-201 [15], MobileNetV3 [5], and
DARTS [29], to evaluate the generation efficiency and archi-
tectural validity of PNAG. The result shows that compared
to baselines, PNAG not only generates superior architectures
for various downstream tasks (+8.43%/+5.07%, on aver-
age) but also significantly improves generation efficiency,
reducing the time to a single generation of the architec-
ture by 1300x. Furthermore, we extend PNAG to generate
Transformer-based architectures and achieve similarly strong
performance. In summary, our contributions are as follows.
® Framework Design. Calling attention to the generation

efficiency and architectural validity, we propose a pioneering
coarse-to-fine approach, named PNAG, which reformulates
the generation process as an autoregressive process and grad-
ually evolves from simple (coarse) to complex (fine). @
Core Modules. We propose a multi-scale sub-architecture
quantization to progressively generate sub-architectures via
vector quantization decoding, significantly improving ef-
ficiency. Additionally, a step-wise consistency constraint
ensures structural rationality, guiding the process towards
a valid target architecture. ® Empirical Results.We exper-
imentally show the superiority of PNAG in terms of both
generation efficiency and architectural validity compared to
state-of-the-art methods. Moreover, PNAG also demonstrates
strong performance when applied to Transformer-based ar-
chitecture generation, highlighting its extensibility.

2. Related Work

Neural Architecture Search. Neural Architecture Search
(NAS) [35, 36, 53] aims to automatically design neural net-
work architectures for given tasks, thereby reducing the
labor-intensive trial-and-error process and reliance on ex-
pert knowledge inherent in manual design. NAS methods
have achieved network architectures that match or even sur-
pass manually designed counterparts in performance for
certain tasks. From the perspective of search strategies,
existing methods can be categorized into reinforcement
learning-based approaches [6, 54], evolutionary algorithm-
based approaches [28, 34], and Bayesian optimization-based
approaches [45]. However, most existing studies focus on im-
proving the overall performance of search algorithms while
overlooking fine-grained operational details. In particular, el-
ements such as random initialization or other stochastic com-
ponents are often treated as minor implementation choices,
yet they can introduce randomness and bias that undermine
the stability and reliability of the obtained architectures. To
address these issues, this paper adopts Neural Architecture
Generation (NAG) to replace such components, aiming to
more effectively mitigate these problems.

Neural Architecture Generation. Neural Architecture Gen-
eration (NAG) [1, 20] aims to leverage diverse generative
techniques to construct high-performance architectures tai-
lored to specific tasks. For example, the variational autoen-
coder (VAE)-based generation method maps architectures
into a continuous latent space, utilizing a complex decoder
to transform high-dimensional data within the latent space
to reconstruct the architecture [23, 32, 51]. Additionally, the
diffusion model-based generation introduces noise to perturb
the architecture and gradually refines it through an iterative
denoising process [1, 2, 18]. However, despite considerable
progress, these methods still face limitations in terms of gen-
eration efficiency and architectural validity. To this end, we
introduce linear generation and step-wise constraints into the
generation process to address the aforementioned issues.
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Figure 2. The overall framework. Stage 1: The PNAG quantifies the encoded architecture into a sub-architecture sequence G =
(91,92, ,gr) and trained with the reconstruction loss Eq. 7. “Embedding” in the figure means converting discrete operations into
continuous embedding vectors. The process of generating and constraining each sub-architecture is described in the MSQ & SCC module.
Stage 2: Generate the architecture based on the conditions and train the surrogate model. Stage 3: Extending PNAG to transferable NAG for

architecture generation on unseen tasks.

3. Method

To address both generation efficiency and architectural va-
lidity, we introduce PNAG, a novel approach that leverages
linear generation to reduce computational overhead while
incorporating constraints during the generation process. This
section begins with preliminary information (Sec. 3.1), fol-
lowed by a framework overview (Sec. 3.2). We then detail
PNAG’s technical components and applications (Sec. 3.3
to Sec. 3.5). Since PNAG mirrors the autoregressive (AR)
model, we first provide a brief overview.

3.1. Preliminary on Autoregressive Model

The AR model is a statistical model used to predict
the next token based on the previous tokens in the se-
quence [4, 19]. Formally, given a discrete token sequence
X = {z1,29, -+ ,xr} of length T, the goal of the AR
model is to learn a conditional probability distribution
p (x| 1,22,...,2¢—1) at each time step ¢. By this means,
we can sample from an AR generative model over an indexed
sequence X where the probability distribution is defined as:

T

,l'T):Hp(It|$1,$2,--.7$t_1), (1)

t=1

p (1,22, ..

where the token x; may represent a word in natural language
processing [10], or pixel value [43] in the visual domain. In
our approach, each AR unit represents a complete, functional
sub-architecture, which is inspired by [43]. This establishes
a coarse-to-fine architecture generation process.

3.2. Overview

PNAG generates neural architectures using a coarse-to-fine
approach, as illustrated in Fig. 2. This is accomplished
through multi-scale sub-architecture quantization (MSQ)
and step-wise consistency constraint (SCC). In particular,
MSQ employs efficient vector quantization decoding, tai-
lored for architecture generation, to autoregressively pre-
dict and generate subsequent sub-architectures (Sec. 3.3).
Meanwhile, SCC ensures the validity of each generated sub-
architecture, and consequently the target architecture, by
applying a specialized step-wise regularization mechanism
(Sec. 3.4). Notably, PNAG is designed for extensibility and
can be integrated with other optimization strategies to gener-
ate meaningful architectures (c.f., Fig. 1), as in Sec. 3.5.

3.3. Multi-scale Sub-architecture Quantization

Rather than directly generating the target architecture, PNAG
reframes autoregressive modeling by predicting the next
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scale of the sub-architecture, instead of the next token. MSQ
achieves this by iteratively increasing the number of ele-
ments (i.e., layers or blocks) in the sub-architecture selected
through vector quantization decoding [44], progressively
enhancing the complexity of the sub-architectures while
maintaining efficient generation. Given an architecture Arc,
MSQ adopts the VAE training paradigm for encoding but
employs an autoregressive decoding process.

Sub-architecture Feature Map. We encode the original ar-
chitecture Arc into a feature map e through a graph encoder.
This feature map is then scaled and decoded into interme-
diate sub-architectures (i.e., trainable neural architectures
containing n operations) by quantization operations. As il-
lustrated in Fig. 2 (stage 1), we employ regional averaging
to aggregate features and proportionally scale each point.
Formally, given a feature map e € RE*V*N (o be scaled to
¢/ € REXnxn wheren < N and N denotes the maximum
number of layers or blocks in the predefined set. Notably,
the minimum value of n is 3, representing the simplest sub-
architecture composed of three operations: input, output,
and one functional operation. Each feature point in €/, ; . is

o
)
computed as the average of its corresponding region in e:

1 C n n
i =TT 2 Cehws €=D DD €
c,i,] ‘lel c,h,w - 1,97

(h,w)ER, ; c=1i=1 j=1
2

where R; ; denotes a region in the original feature map e
that is compressed through a linear mapping into the position
(i,7) in the new feature map €', and we define (h, w) as the
position of the feature in R; ;. Note that n increases with
each generation step, ultimately reaching V.
Sub-architecture Quantization. We utilize vector quan-
tization for efficient decoding, employing a shared code-
book across all sub-architecture decoding steps. Specifically,
the scaled feature map ¢’ is quantified and mapped to its
corresponding sub-architecture. This quantization process
employs a learnable and shared codebook Z € RV *C of
size V' (equal to the number of available structural elements
in the predefined set, i.e., V) [25]. Here, C' denotes the
vector dimension. In this case, when generating the ¢-th
sub-architecture g, quantization is performed by identify-
ing the nearest distance arrival to Z for each vector in ¢’
based on minimum Euclidean distance, yielding a code in-
dex 0 = {01,092, , 0, }. This code index is then decoded
into corresponding structural elements and assembled to
form the sub-architecture g;:

o= | argmin |[lookup(Z,v) — €'l | , g = U f(0i),
veE[V] i—1
3)

where lookup(Z, v) denotes taking the v-th vector in the
codebook Z, f is a linear decoding function that maps the
code index o; to the corresponding structure. Thus, we

Algorithm 1 Multi-scale Sub-architecture Quantization

Inputs: original architecture Arc
Hyperparameters: steps 7', scale n
e=E&E(Are),G={},e=0
fort=1,...,T do

e; = RAA(e,n)

g = Q(ey)

G = queue_push(G, g¢)

é; = interpolate(e}, N)

E=é+é

R A ol e

HHHH
W N = O
®
=8
i
= I

3(0
+ |
_Q

=D(e)
Return: sub-architecture sequence (G, reconstructed
feature map é, reconstructed architecture Arc

B

reformulate Eq. 1 as:

T

pley ey, ... ehp) = Hp(eg lel,eh . eiy), 4

t=1
where 7" is the maximum generation step.

To sum up, we illustrate the training process in Algo-
rithm 1, where £ is the graph encoder, Q denotes the quanti-
zation decoding, RAA(-) denotes region averaging aggrega-
tion, and interpolate(-) denotes linearly interpolating the fea-
ture map of the sub-architecture to expand it into an N x N
feature map. The accumulated feature map é is finally ob-
tained and decoded by D to reconstruct the final architecture.
Notably, in the MSQ generation process, both codebook
lookup and mapping functions operate independently of net-
work inference, employing simple linear operations that sig-
nificantly reduce generation time.

3.4. Step-wise Consistency Constraint

Unlike existing generation methods, architecture validity
constraints are typically only applied at the final stage of
generation [1]. To address this limitation, we propose a step-
wise consistency constraint strategy, which is designed to
impose constraints on every step of the generation process.
By applying a regularization term to penalize inconsisten-
cies from the original input architecture, PNAG ensures the
validity of each generated sub-architecture, leading to a struc-
turally sound target architecture.

In details, existing approaches typically apply a loss func-
tion at the final step [43, 44], which measures the discrep-
ancy between the generated architecture Arc and the input
architecture Arc:

L= |Arc— Arclls + |le — & (5)

However, such constraints overlook the intermediate gen-
eration steps, potentially allowing error accumulation and

34527



degraded structural fidelity.To address this limitation, we in-
troduce a step-wise consistency constraint (SCC), which
enhances architectural validity by enforcing consistency
throughout the entire generation process. SCC adds a regular-
ization term at each intermediate step to penalize deviations
between the generated sub-architecture and the encoded rep-
resentation of the input architecture. Concretely, for each
generated feature map e of sub-architecture at step ¢, we
first resize it to match the dimension of e via bilinear inter-
polation and then apply a consistency penalty:

T
Rscc =AY _ |le — interpolate(e}, (N, N))|,,  (6)
t=1
where A is a regularization coefficient and 7" is the total num-
ber of generation steps. Finally, the overall training objective
combines both the final-step and step-wise constraints:

L = ||Arc — Arc|lz + |le — é]l2 + Rscc- @)

This unified objective enables PNAG to maintain structural
consistency across the entire generation trajectory, leading
to more valid and coherent architectures.

To establish the efficacy of SCC, we utilize the Lyapunov
Stability theorem [38] to demonstrate that the intermediate
sub-architecture generated at each step gradually approaches
the input, ensuring a stable generation path and reducing
accumulated deviation. More details are in the Appendix.

Proposition 3.1 Asymptotic stability of the sub-architecture
generation trajectory is guaranteed if the learning rate satis-
Q(efe;)TVEQ E(e;)

fies the condition ov < — P
vzl

[Proof Sketch] 3.1 We define the following Lyapunov func-
tion V (x), measured by the L2 norm. This ensures stable
convergence of the generated architecture towards the input
by progressively minimizing the deviation.

V (e;) = |le — interpolate(ey, (N, N))|, - (8)
For simplicity, we represent this equation as:
2
V(er) = lle — el )

This Lyapunov function describes the “deviation energy” be-
tween the intermediate sub-architecture and e. In this case,
a smaller V (e}) indicates greater stability in the generation
process. In a discrete generation process, we approximate
the derivative of the Lyapunov function with the difference
form:

AV (e)) =V (i) =V (€}). (10)
A stable generation path is guaranteed if AV (e}) < 0,
indicating a decrease in deviation energy at each step. Sub-
stituting the update equation ey = e, — oV L (e;) into
Eq. 6 yields:

AV (¢}) = [le = (¢} — aVey £ () ]2 = lle = efl2. (11)

In this scenario, AV (e}) < 0 holds true if o meets the

following conditions:

_n\T , /
< 72(8 et) vetﬁg(et)- (12)
HVEQE(GDH2

This implies that with a suitably chosen learning rate c, the
Lyapunov function monotonically decreases, guaranteeing
the asymptotic stability of the generation trajectory.

3.5. Application of Method

PNAG is designed for extensibility and can be integrated with
other optimization strategies to generate meaningful archi-
tectures. This section demonstrates the applications of PNAG
in the contexts of conditional and transferable generation.

In basic NAG, the generation process is unconditional,
aiming to explore diverse architectural possibilities. How-
ever, in practical scenarios, it is often desirable to condi-
tionally generate architectures that satisfy specific perfor-
mance attributes (e.g., high accuracy, low latency) accord-
ing to the needs of a given task. To achieve this, we in-
troduce a surrogate model and formulate its training as a
meta-learning task. Specifically, instead of learning a fixed
mapping P(y|D, Arc) on a single task D, the model is
trained on a series of diverse tasks to acquire a more general-
izable meta-knowledge of “how to evaluate an architecture’s
quality”. This not only guides the model in generating archi-
tectures with the desired performance for known tasks, but
more critically, it can also directly make reliable predictions
on the performance of architectures on new, unseen tasks
D, thereby efficiently achieving transferability (detailed in
Fig. 2(stage2 and stage 3)). Overall, the objective for our
transferable PNAG is formally defined below:

p<917927~~~79T | P(y | D7AA7“C))

T
=IIv (919192901, Ply | D Are)) . (13)
t=1

4. Experiments

4.1. Experimental Setup

Search Space and Datasets. To facilitate a comprehensive
evaluation of our proposed method, we explicitly separate
the discussion of search space and datasets, as they play dis-
tinct roles in the architecture generation pipeline: the search
space defines the design scope of architectures, while the
datasets determine the tasks on which the generated archi-
tectures are evaluated. We evaluate PNAG on three widely
adopted search spaces: NAS-Bench-201 (NB201) [15], Mo-
bileNetV3 (MBV3) [5], and DARTS [29]. Additionally,
we extend PNAG to perform Transformer-based architecture
generation on the AutoFormer search space [7], which is
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Table 1. Main Results on NB201 Search Space. Reported accuracies represent the mean value (%) with a 95% confidence interval over
three independent runs. We also provide the number of neural architectures trained (Trained Archs) to achieve the reported accuracy. The

bold is the optimal result.

Method CIFAR-10 CIFAR-100 Aircraft Oxford-IIIT Pets Onptimization
Accuracy  Trained Archs ~ Accuracy  Trained Archs Accuracy Trained Archs Accuracy Trained Archs P
RSPS ‘ 84.07£3.61 N/A 52.3145.77 N/A 42.19+3.88 N/A 22.91+1.65 N/A Random
RFGIAug 94.25+0.00 5 - - - - - - Evolution
HAAP 94.204+0.25 10 71.58+1.56 10 55.32+0.12° 10 38.61+0.20" 10 Evolution
OStr-DARTS || 94.3640.00 N/A 73.5140.00 N/A - - - - Gradient
SETN 87.64+0.00 N/A 59.09+0.24 N/A 44.8443.96 N/A 25.17+1.68 N/A Gradient
GDAS 93.6140.09 N/A 70.70+0.30 N/A 53.524+0.48 N/A 24.02+2.75 N/A Gradient
PC-DARTS 93.66+0.17 N/A 66.64+2.34 N/A 26.33+3.40 N/A 25.31+1.38 N/A Gradient
DrNAS 94.3640.00 N/A 73.5140.00 N/A 46.08+7.00 N/A 26.73+2.61 N/A Gradient+BO
BOHB 93.614+0.52 > 500 70.85+1.28 > 500 - - - - BO
GP-UCB 94.37+0.00 58 73.14+0.00 100 41.7240.00 40 40.60+1.10 11 BO
BANANAS 94.3740.00 46 73.51+0.00 88 41.7240.00 40 40.15+1.59 17 BO
NASBOWL 94.3440.00 100 73.51+0.00 87 53.734+0.83 40 41.29+1.10 17 BO
HEBO 94.344-0.00 100 72.62+0.20 100 49.3246.10 40 40.55+1.15 18 BO
TNAS 94.374+0.00 29 73.51+0.00 59 59.1540.58 26 40.00£0.00 6 Transferable
MetaD2A 94.374+0.00 100 73.3440.04 100 57.714+0.20 40 39.04+0.20 40 Transferable
DiffusionNAG || 94.3740.00 1 73.51+0.00 2 58.83+3.75 3 41.80+3.82 2 Transferable
PNAG (Ours) 94.37+0.00 1 73.51+0.00 1 66.99+1.25 1 45.35+0.78 2 Transferable

 denotes that the results are taken from [1], * denotes that the results are implemented by ourselves.

Table 2. Main Results on MBV3. Reported accuracies represent
the mean value with a 95% confidence interval over three indepen-
dent runs. Following [1], each method generates 30 architectures
on the dataset per run.

Method || CIFARIO CIFARI00  Aircraft Oxford LIIT Pets
MetaD2A  |[97.45:£0.07 86.00+£0.19 82.18+0.70  95.28-£0.50
TNAS 97.4840.14 85.954+0.29 82.310.31  95.04+0.44
DiffusionNAG [|97.52:£0.07 86.07+0.16 82.2840.29  95.34-:0.29
PNAG (Ours) ||97.67-£0.05 87.20+0.20 84.55+0.17 95.77+0.11

designed to evaluate the NAS methods specialized to Vision
Transformers. Following the protocol in [1], we evaluate
PNAG on four representative image classification datasets
that span different levels of difficulty and domain characteris-
tics: CIFAR-10, CIFAR-100, Aircraft [33], and Oxford-IIIT
Pet [37]. These datasets serve as downstream tasks to vali-
date the generalizability of the generated architectures.
Baselines. We compare PNAG against a variety of NAS
methods, encompassing: RSPS [27], RFGIAug [48], HAAP
[30], ModuleNet [9], GPT-NAS [53], DARTS [29], OStr-
DARTS [52], SETN [13], GDAS [14], PC-DARTS [50],
IS-DARTS [21] and DrNAS [8], BOHB [17], GP-UCB, BA-
NANAS [46], NASBOWL [40], HEBO [11], NASNet-A
[55], MetaQNN [3], NASI [42], RoBoT [22], MetaD2A
[26], TNAS [41], and DiffusionNAG [1].
Implementation Details. We divide the PNAG framework
into two stages. The first involves training the VAE model,
where we use a simple graph encoder to encode the archi-
tecture and two linear layers to decode it. No additional
model is used during the architecture AR generation pro-

cess. Second, in the conditional generation model, we follow
[43] and adopt a standard decoder-only transformer similar
to GPT-2 and VQGAN [16] to process the conditional in-
put, replacing traditional layer normalization with adaptive
normalization (AdaLN) [24]. During training, we use the
AdamW optimizer [31], with learning rates of 0.0001 and
0.001 for the two stages, weight decay of 0.0001, batch size
of 256, and train for 300 epochs. More details are provided
in the Appendix.

Evaluation Metrics. Following [1], we assess generated
architectures via: 1) Overall performance is evaluated us-
ing task accuracy (Accuracy) and the number of architec-
tures trained to achieve that accuracy (Train Arcs). 2)
Generation efficiency is measured by the single time to
generate architectures (Once Time) and the total time to
find the task-specified optimal architecture (Total time). 3)
Validity and quality are assessed via the proportion of valid
architectures (Validity), the percentage of unique valid archi-
tectures (Uniqueness), and the proportion of valid architec-
tures not present in the training set (Novelty).

4.2. Empirical Results

Main Results. We conduct evaluations across three dis-
tinct search spaces, PNAG consistently achieves superior
generation performance and architectural validity across all
three settings. @ Given the established optimal accuracy
results for CIFAR-10 and CIFAR-100 within the NB201
search space (Table 1), we find that PNAG successfully gen-
erates optimal architectures. Furthermore, PNAG demon-
strates significant performance gains on the Aircraft and
Oxford-IIIT Pets datasets, achieving average accuracy im-
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Table 3. Main results on DARTS. Test accuracy on image datasets.

Table 4. Results on AutoFormer. We report the Top-1 accuracy of
generated models with different sizes on ImageNet.

CIFAR-10 / CIFAR-100 ImageNet Search
Methods Test Acc Search Cost  Top-1/Top-5 Method Methods Tiny Base
(%) (GPU Day) Acc (%) Acc (%)  #Params | Acc (%)  #Params
NASNet-A 97.35/82.19 1800 74.0/91.6 RL AutoFormer 747 570M 82.4 54.0M
MetaQNN 93.08 /72.86 80 -/- RL TE-NAS 75.3 6.20M 82.2 56.5M
ModuleNet 97.23/82.01 2.00 -/- Evolution AZ-NAS 76.4 6.16M 823 54.1M
GPT-NAS 97.35/83.51 1.20 75.1/92.3 Evolultlon PNAG 76.6 6.03M 2.4 53.8M
DARTS 97.35/82.24 1.00 733/91.3 Gradient
OSt-DARTS || 97.58 /84.22 0.40 76.2/93.0 Gradient
IS-DARTS 7441 - 042 7597929 | Gradient Table 5. Adaptation ability across different objectives.
NASI 97.10/83.16 0.24 75.0/92.5 | Training-free
RoBoT 97.40/83.48 3.50 75.9/92.7 | Training-free
DiffusionNAS || 97.35/82.91 0.04 75.0/92.6 | Generation Type State ﬂ e fAPGD FBlur
PNAG 97.93/83.54 0.03 75.9/93.0 Generation Max 92.17 8227 37.19
Clean : ' ’
Mean 91.35 75.21 79.39
10 T e 100 T -
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Figure 3. Analysis on the influence of SCC. Results of the differ-
ent number of constraints on architectural performance (left axis)
and architectural validity (right axis).

provements of 8.43% and 5.07%, respectively, compared to
other transferable-based baselines. More importantly, PNAG
exhibits remarkable efficiency, requiring the training of at
most two architectures across all four datasets, significantly
fewer than others. ® On MBV3 (Table 2), compared to the
suboptimal method, PNAG achieves an average improvement
of 0.99%. Especially on the Aircraft dataset, PNAG achieves
the greatest improvement, obtaining an accuracy improve-
ment of 2.24%. Furthermore, except for CIFAR-100, the
performance of architectures generated by PNAG across mul-
tiple runs demonstrates superior stability. This highlights
the effectiveness and robustness of our proposed method.
® In the DARTS search space (Table 3), PNAG achieves
the best overall performance, with the highest test accuracy
on CIFAR-10 (97.93%) and CIFAR-100 (83.54%), and the
highest Top-5 accuracy on ImageNet (93.0%). Moreover, it
attains these results with the lowest search cost, demonstrat-
ing strong effectiveness and efficiency. These results validate
the general applicability of PNAG across search spaces of
varying complexity and design principles.

Transformer-Based Generation Results. We evalu-
ate PNAG in the AutoFormer search space to generate
Transformer-based (ViT) models of different sizes. As
shown in Table 4, PNAG achieves the best accuracy (76.6%)
under the Tiny setting, outperforming all baselines while
maintaining a comparable parameter count (6.03M). Under
the Base setting, PNAG matches the accuracy of AutoFormer

parameters), demonstrating a strong performance-efficiency
trade-off. These results demonstrate that PNAG is not only
effective in convolutional architecture generation, but also ex-
cels in generating high-performing Transformer-based (ViT)
models across different model scales.

Ablation Study. We evaluated the impact of SCC’s step-
wise regularization constraints on the autoregressive gen-
eration process in the NB201 and MBV3 search spaces.
Figure 3 shows the results for varying step numbers, where
0 indicates no regularization, and a step number of ¢ means
constraints are applied during the first ¢ steps. The lowest ar-
chitectural validity occurs with no constraints (step 0), with
both validity and performance improving as more steps are
constrained. This demonstrates that SCC effectively ensures
structural validity by maintaining consistency throughout the
generation process, validating the efficacy of SCC.
Adaptation Across Different Objectives. PNAG can adap-
tively generate architectures for any task dataset, requiring
only the replacement of the surrogate model rather than
retraining the generation model. To verify this adaptive
capability of PNAG, we follow the experimental design of
DiffusionNAG [1]. We use CIFAR10 as the task dataset and
establish three scenarios: 1) Clean (no processing); 2) APGD
(applying APGD perturbation [12]); and 3) Blur (applying
Blur corruption perturbation). Subsequently, we collected
50 architectures from NB201, obtained their performance
on these three datasets, and used this data to train three cor-
responding surrogate models (fciean> fapGD, fBiur)- Finally,
we used these surrogate models to guide PNAG’s architec-
ture generation within the NB201 search space. With the
guidance of these predictors, we generate a pool of 20 ar-
chitectures for each and statistically analyzed the maximum
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Table 6. Analysis of Generation Validity and Quality. We generate 1,000 architectures across three independent runs.

Method NAS-Bench-201 MobileNetV3

Validity (%) 1 Uniq. (%) T  Novelty (%) | Validity (%) 1 Uniq. (%) T Novelty (%) T
GDSS 456 & 1.44 - - 0.00 & 0.00 42.17 £ 1.80 -
POMONAG 99.97 £0.10  34.14+£17.33 37.414+7.73 | 72.58+5.84 91.79 + 7.32 100.00 + 0.00
DiffusionNAG || 98.97+£0.29  98.70 £0.66  49.20£1.96 | 99.09 - 0.28 100.00 £ 0.00  100.00 & 0.00
PNAG 100.00 £ 0.00 99.70 £ 0.30 59.34£0.53 | 100.00 = 0.00 100.00 = 0.00 100.00 & 0.00

accuracy (Max) and average accuracy (Mean) across 20 ar-
chitectures. As shown in Tab. 5, architectures guided by a
specific surrogate (e.g., fapgp) performed best on the corre-
sponding objective (APGD: 34.52%), significantly outper-
forming those guided by other models. This held true for
the fgur (48.37%) and fciean (92.17%) guides. This demon-
strates PNAG’s adaptability in generating architectures for

diverse performance requirements.

Analysis of Generation Efficiency. This section evaluates
generation efficiency, focusing on the time required to com-
plete a single-generation process and obtain an optimal archi-

cording to Table 6, PNAG achieves top performance across
both search spaces, maintaining 100% validity. Remarkably,
PNAG attains 100% across all three metrics on MBV3. While
its novelty on NB201 is slightly lower due to the smaller
search space, it still substantially outperforms other meth-
ods. Furthermore, as illustrated in Figure 4(b) and (c), PNAG
generates architectures with the highest average accuracy

across 100 samples in both tasks, exhibiting a notably tighter

tecture through various optimization strategies. We compare

two PNAG variants (guided by Random and EA strategies)

5. Conclusion

with two baseline methods. As shown in Figure 4(a), PNAG

achieves remarkable efficiency, generating an architecture in
just 0.006 seconds, representing a 1300x speedup over Diffu-
sionNAG (8 seconds). On CIFAR-10, PNAG completes the
full generation in 8 seconds, compared to 150s for Diffusion-
NAG and 20s for VAE, yielding 17x and 2x improvements,
respectively. This gain primarily stems from the network-
free design of MSQ, which eliminates costly inference steps.
Analysis of Generation Validity and Quality. This part
evaluates the validity and quality of 1000 generated architec-
tures across two search spaces. For NB201, the training set
consists of 50% randomly selected architectures, while for
MBv3, we sample 500,000 architectures. Table 6 summa-
rizes our results, and observations are outlined below. Ac-

architectural space.
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distribution in the high-accuracy region compared to other
methods. To sum up, PNAG has a significant advantage in
generating high-quality architectures.

We present PNAG, a novel method for progressive neural ar-
chitecture generation that incrementally constructs architec-
tures using a coarse-to-fine approach, enhancing generation
efficiency while ensuring architectural validity through step-
wise refinements. PNAG utilizes multi-scale sub-architecture
quantification (MSQ) to bypass costly network evaluations,
accelerating the process, and incorporates step-wise consis-
tency constraints (SCC) for generating high-quality archi-
tectures. It also adapts to transferable neural architecture
generation with dataset-aware predictors. Experimental re-
sults show PNAG'’s superior efficiency and architectural qual-
ity, offering new opportunities for efficient exploration of
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