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Supplementary Material

In the supplementary materials, we provide 1) more de-
tailed theoretical analysis for SCC (Sec. 6), 2) more details
on optimization of PNAG (Sec. 7), 3) more details on experi-
mental setup and implementation of PNAG (Sec. 8), and 4)
additional experiments (Sec. 9).

6. Theoretical Analysis of SCC

This section gives a more detailed inference process for the
theoretical analysis of the SCC strategy. To prove the effec-
tiveness of the SCC, we utilize the Lyapunov Stability The-
orem to demonstrate that the intermediate sub-architectures
generated at each step gradually approach the input feature,
ensuring a stable generation path and reducing accumulated
deviation.
Proposition. Asymptotic stability of the sub-architecture
generation trajectory is guaranteed if the learning rate satis-

fies the condition α < −
2(e−e′t)

T∇e′t
L(e′t)∥∥∥∇e′t

L(e′t)
∥∥∥2

2

.

Lyapunov Stability Theorem. The Lyapunov Stability The-
orem is a tool used to analyze the stability of dynamic sys-
tems. By constructing a Lyapunov function V (x), we can
determine whether a system tends toward stability over time.
Suppose the state evolution of a system is described by the
following dynamic equation:

ẋ = f(x), (14)

where x is the state variable of the system. The core idea of
the Lyapunov Stability Theorem is to introduce a Lyapunov
function V (x), which satisfies the following conditions:
• Non-negativity: V (x) ≥ 0, and V (x) = 0 and only if
x = x∗ (the equilibrium point).

• Negative definiteness: The evolution of the system near
the equilibrium point causes V (x) to decrease monotoni-
cally, that is, V̇ (x) = dV

dt ≤ 0. If V̇ (x) < 0 for x ̸= x∗,
the system is asymptotically stable.

The time derivative of the Lyapunov function V (x) is ex-
pressed as:

V̇ (x) = ∇V (x) · f(x) (15)

if V̇ (x) ≤ 0 for all x, then the system is stable at the equi-
librium point.

Proof. In the SCC strategy, we aim to ensure that the
intermediate sub-architecture gt gradually approaches the
input feature e at each generation step through SCC. Thus,
we define the Lyapunov function as:

V (e′t) = ∥e− interpolate(e′t, (N,N))∥2 . (16)

For simplicity, we represent this equation as:

V (e′t) = ∥e− e′t∥
2
2 , (17)

where e′t is the feature map of sun-architecture gt.
This Lyapunov function describes the “deviation energy”

between the intermediate sub-architecture and the input fea-
ture. We aim for V (e′t) to decrease at each generation step,
ensuring stability in the generation process.

In a discrete generation process, we approximate the time
derivative of the Lyapunov function with the difference form:

∆V (e′t) = V
(
e′t+1

)
− V (e′t) . (18)

If ∆V (e′t) < 0, then the deviation energy decreases at each
step, indicating a stable generation path. Substituting the
update equation e′t+1 = e′t − α∇e′t

L (e′t), where α is the
learning rate and L (e′t) is the loss function in the main paper,
we then have:

∆V (e′t) =
∥∥e− (e′t − α∇e′t

L (e′t)
)∥∥2

2
−∥e− e′t∥

2
2 . (19)

Expanding ∆V (e′t):

∆V (e′t) =
(
e− e′t + α∇e′t

L (e′t)
)T (

e− e′t + α∇e′t
L (e′t)

)
− ∥e− e′t∥

2
2
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(20)

To ensure ∆V (e′t) < 0, we need to satisfy the following
inequality:

2α (e− e′t)
T ∇e′t

L (e′t) + α2
∥∥∇e′t

L (e′t)
∥∥2
2
< 0. (21)

We obtain the constraint for the learning rate α:

α < −
2 (e− e′t)

T ∇e′t
L (e′t)∥∥∇e′t

L (e′t)
∥∥2
2

. (22)

This constraint ensures ∆V (e′t) < 0, meaning the Lyapunov
function decreases at each step, which validates the asymp-
totic stability of the generation path.

Based on the Lyapunov Stability Theorem, by construct-
ing the Lyapunov function V (e′t) = ∥e− e′t∥

2
2 and control-

ling the learning rate α, we can demonstrate that the SCC
strategy gradually reduces the deviation energy V (e′t) at



each generation step. This ensures the stability and conver-
gence of the generation path. The consistency regularization
term in SCC guides intermediate steps towards the input
feature, effectively suppressing accumulated deviation and
providing stability for the generation process. This analysis
provides a solid theoretical foundation for the effectiveness
of the SCC method.

7. Optimization Details of PNAG
In this section, we provide more details not mentioned in
the main paper, including the neural architecture encoding
(Sec. 7.1) and the task encoding (Sec. 7.2). In addition, we
will describe the application of PNAG to conditional NAG
and transferable NAG. (Sec. 7.3).

7.1. Neural Architecture Encoding
The search space in our study is cell-based architectures.
Following [17, 18], each cell can be represented as a labeled
directed acyclic graph (DAG) G = (V, E), where V repre-
sents nodes and E represents edges. Each node vi ∈ V is
associated with an operation from a predefined set, while
the edges are represented by an upper triangular adjacency
matrix A. The neural architecture encoder is built on a Trans-
former encoder, with an embedding layer and L Transformer
blocks. Each node vi is first fed into a semantic embedding
layer:

Embi = Embedding (vi) . (23)

The embedded vectors are then contextualized across L
Transformer layers, where the hidden state after the l − th
layer is updated using attention:

Qk = H l−1W k
q , Kk = H l−1W k

k , Vk = H l−1W k
v ,

Ĥ l
i = softmax

(
QkK

T
k +M√
dh

)
Vk,

H l = concat
(
Ĥ l

1, . . . , Ĥ
l
nl

headed

)
,

H l = ReLU
(
H lW1 + b1

)
W2 + b2,

(24)
where Qk, Kk, and Vk are the query, key, and value vectors
for the attention operation of the k − th head respectively,
W k

q ,W
k
k ,W

k
v are learnable parameters, dh is the dimension

of the hidden state, nl
headed is the number of the head in

transformer block, W1, b1,W2, b2 are weights in the feed-
forward layer, and M is an attention mask in the Transformer,
which is determined by the value of the adjacency matrix A
of a neural architecture Arc following the equation:

Mi,j =

{
0, if Arci,j = 1
−∞, if Arci,j = 0,

(25)

where Arci,j denotes the edge between the node i and j. In
our study, a pair of nodes (operations) in the architecture is

considered dependent if a directed edge is connected. The
output of the final layer is the representation of the cell G,
which also serves as the result of the neural architecture after
encoding.

7.2. Task Encoding
In Sec. 3.5, we extend PNAG to transferable NAGs for unseen
tasks. Prior to this, we need to encode the tasks, as the
datasets of different tasks are not uniform in terms of format,
size, etc., which puts a higher demand on the generalization
ability of the predictor.

To improve the generalization capability, it is essential to
encode the tasks and strengthen the relationships between
them effectively. Following TASK2VEC [1], we represent
the task embedding using the Fisher information Matrix
(FIM). Specifically, given an input image x and an unknown
label y, we use a probe network to model the joint distri-
bution pw(y | x) parameterized by weights w. The goal
is to approximate the posterior p(y | x) by minimizing the
cross-entropy loss function:

Hpw,p̂(y | x) = Ex,y∼p̂ [− log pw(y | x)] , (26)

where p̂ is the empirical distribution based on the training
dataset D = {(xi, yi)}Ni=1. Further, consider that not all
network weights contribute equally to the task. To quantify
the importance of weight, a perturbation δw is introduced
to the weights w, and the Kullback-Leibler (KL) divergence
between the original and perturbed distributions is computed.
This can be approximated by:

Ex∼p̂ [KL (pw+δw(y | x)∥pw(y | x))] = δwT · F · δw,
(27)

where F is FIM and is defined as:

F = Ex,y∼p̂(x)pw(y|x)
[
∇w log pw(y | x)∇w log pw(y | x)T

]
.

(28)
This matrix captures the sensitivity of the joint distribution
pw(y | x) to changes in the network parameters. The cor-
responding entries in the FIM will be small for parameters
that do not significantly affect classification performance.

In this way, the representation of the different tasks with
FIM is not only unified in format (they are all represented
with the weights of the probe network) but also the con-
nections between the different tasks can be analysed by the
matrix, which is crucial for the generalization ability of the
predictor.

7.3. Condititional NAG and Transferable NAG
We aim to generate a suitable neural architecture for the
unseen task. Therefore, based on PNAG, we consider con-
ditional Neural Architecture Generation (conditional NAG),
where the required property y (e.g., accuracy) is input to gen-
erate architectures. To verify that the generated architecture



meets the requirements, we use a neural predictor P (y | Ârc)
to evaluate the properties of the architecture. However, in
the implementation, the property is task-specific, so the neu-
ral predictor tends to be dataset-aware, i.e., P (y | D, Ârc),
which facilitates subsequent transfer to unseen tasks.

The PANG-based generation model (including the pre-
dictor) is trained across the task distribution using a meta-
dataset S (detailed in Sec. 8.3) composed of triplets contain-
ing (dataset, architecture, accuracy). Specifically, we define

the meta-dataset as S :=
{(

Ârc
(i)
, yi,Di

)}K

i=1
, which

includes K tasks. Each task is constructed by randomly sam-
pling an architecture Arc(i), accompanied by its accuracy
yi evaluated on the dataset Di. The training objective is to
minimize the following loss function:

ϕ∗ ∈ argmin
ϕ

K∑
i=1

L
(
yi, P

(
Di, Ârc

(i)
))

. (29)

In the inference phase, the model aims to generate the archi-
tecture that maximizes the accuracy of the dataset, which
inherently represents the process of transferable NAG. No-
tably, during the training phase, Property refers to the accu-
racy of an architecture on the dataset, represented by a triplet
(dataset, architecture, accuracy), where the architecture is
encoded in a continuous form. In the inference phase, Prop-
erty includes only dataset information, with the architecture
and performance values initially obtained through random
sampling or other sampling strategies (detailed in Sec. 8.5).
These values are then iteratively refined and updated under
the guidance of the predictor until the optimal architecture is
generated.

Furthermore, when confronted with an unseen task D̃,
the transferable NAG can be reformulated as:

p
(
g1, g2, . . . , gT | P (y | D̃, Ârc)

)
=

T∏
t=1

p
(
gt |, g1, g2, . . . , gt−1, P (y | D̃, Ârc)

)
.

(30)

8. Details on Experiment Setup
In this section, we first introduce the search space (Sec. 8.1),
then describe the baselines (Sec. 8.2) involved in the com-
parisons and the datasets (Sec. 8.3) used in the experiments.
Finally, we give the training pipeline of the architecture
(Sec. 8.4), the acquisition optimization strategy used in
PNAG (Sec. 8.5), and the implementation details of the ex-
periments (Sec. 8.6)

8.1. Search Space
In this study, as the main target of the generative modelling
treatment, the architecture Arc, which comprises N nodes,
is characterized by its operator type matrix V ∈ RN and an

upper triangular adjacency matrix E ∈ RN×N . Therefore,
Arc can be denoted as (V,E) ∈ RN × RN×N , where V is
a discrete matrix with values in the range [0, O], O denotes
the number of predefined structure (operation) types in the
search space.

NAS-Bench-201 search space is composed of cell-based
neural architectures. Each cell is a directed acyclic graph
and consists of a fixed form of 4 nodes and 6 edges, where
the nodes all denote Sum operations and each edge denotes
a different operation, including zeroize, skip connection,
1× 1 convolution, 3× 3 convolution, and 3× 3 average
pooling. Thus, there are 15,625 architectures in the entire
search space. In the experiment, to facilitate the manipula-
tion of edges and nodes, we transformed the original graph
representation of the architectures into a new graph represen-
tation. In the new graph representation, each node represents
an operation and each edge represents a connection. After
the transformation, each cell contains 8 nodes (i.e., N is
8), while each node can choose 7 operations (i.e., O is 7)
due to the inclusion of input and output operation. Thus,
during the generation process, the number of operations in
each sub-architecture is gradually scaled up from 3 to 8,
for a total of 6 steps. Furthermore, the macro skeleton is
constructed by stacking various components, including one
stem cell, three stages consisting of 5 repeated cells each,
residual blocks [8] positioned between the stages, and a final
classification layer. The final classification layer consists of
an average pooling layer and a fully connected layer with a
softmax function. The stem cell, which serves as the initial
building block, comprises a 3×3 convolution with 16 output
channels, followed by a batch normalization layer. Each
cell within the three stages has a varying number of output
channels: 16, 32, and 64, respectively. The intermediate
residual blocks feature convolution layers with a stride of 2,
enabling down-sampling.

DARTS search space is structured around a supernet
composed of three core components: an initial stem layer, a
sequence of eight searchable cells, and a final classification
head with global average pooling. Normal and reduction
cells are used, where reduction cells are positioned at 1/3
and 2/3 of the network depth. Each cell, regardless of type,
is a directed acyclic graph with 7 nodes and 14 edges, and
each edge can be assigned one of eight candidate opera-
tions, including: (1) none, (2) 3×3 average pooling, (3) 3×3
max pooling, (4) skip-connection, (5) 3×3 SepConv, (6) 5×5
SepConv, (7) 3×3 DilConv, (8) 5×5 DilConv. Assuming a
consistent architecture for both normal and reduction cells,
this design yields 1018 possible architectures. Similar to
NAS-Bench-201, we redefine the roles of nodes and edges
within each cell. After this transformation, the resulting
cell contains 12 nodes (i.e., N is 12), while each node can
choose 10 operations (i.e., O is 10). The operation of each
sub-architecture is gradually scaled up from 3 to 10.



MobileNetV3 search space is a layer-wise space, con-
taining optional building blocks MBConvs, squeeze and
excitation, and modified swish nonlinearity. Each architec-
ture in the search space consists of 5 stages, and the number
of building blocks in each stage ranges from 2 to 4. There-
fore, the maximum number of architectures is 5 × 4 = 20.
For each building block, the kernel size can be chosen from
the set {3, 5, 7}, and the expansion ratio can be chosen from
{3, 4, 6}. This implies that there are a total of 3 × 3 = 9
possible operation types available for each layer. Therefore,
the size of N is 20, and the size of O is 9. The search
space contains approximately 1019 architectures, offering a
larger search space for architecture generation. Furthermore,
the number of nodes of the sub-architecture is gradually ex-
panded from 3 to 22, for a total of 20 steps. To improve the
computational efficiency, we limit the generation step to 11
({3, 5, 7, 9, 11, 13, 15, 17, 19, 21, 22}).

8.2. Baselines
In this section, we give a detailed description of all the
baselines in Table 1. We classify the comparison algorithms
according to different optimization strategies.
Random-based NAS. RSPS explores random search in
NAS, focusing on its reproducibility. It uses random sam-
pling for architectures and evaluates performance to select
the best.
Evolution-based NAS. RFGIAug proposes enhancing per-
formance predictors in NAS through graph isomorphism. It
samples architectures by augmenting graph representations
and optimizes by improving predictor accuracy. HAAP uses
homogeneous architecture augmentation to improve NAS
predictors. It samples similar architectures and optimizes by
refining the predictor’s generalization.
Gradient-based NAS. Ostr-DARTS optimizes NAS by
leveraging operation strength. It samples architectures us-
ing differentiable methods and optimizes by dynamically
pruning weak operations. STEN proposes a one-shot NAS
method using self-evaluated template networks. It samples
architectures within a single supernetwork and optimizes
through self-evaluation of shared weights. GDAS intro-
duces a fast NAS approach using weight-sharing and early
stopping, leveraging a regularized evolution algorithm for
architecture sampling and progressive resizing to improve ef-
ficiency. PC-DARTS proposes partial channel connections
to improve memory efficiency in NAS. It samples architec-
tures by operating on a subset of channels and optimizes
using differentiable search with reduced computational over-
head. DrNAS introduces a Dirichlet distribution to model
architecture sampling probabilities. It optimizes architec-
tures using differentiable search by dynamically updating
the distribution to balance exploration and exploitation.
Bayesian optimization-based NAS. BOHB combines
Bayesian optimization with Hyperband to efficiently sample

hyperparameters. It optimizes by balancing exploration and
exploitation through Bayesian modeling while leveraging
Hyperband for early stopping. GP-UCB involves using a
vanilla Gaussian Process (GP) surrogate, where the Upper
Confidence Bound (UCB) acquisition function is employed.
BANANAS combines Bayesian optimization with an ensem-
ble of neural predictors to guide NAS. It samples architec-
tures using acquisition functions and optimizes by training
predictors on architecture-performance pairs. NASBOWl
employs Bayesian optimization with Weisfeiler-Lehman
graph kernels for interpretable NAS. It samples architectures
as graphs and optimizes by leveraging kernel-based simi-
larity measures to predict performance. HEBO introduces
a high-dimensional Bayesian optimization framework for
efficient hyperparameter search. It samples configurations
using a variational model and optimizes with trust-region
constraints to balance exploration and exploitation.

Transferable-based NAS or NAG. TransferNAS (NAG)
methods differ from traditional NAS methods mainly in their
ability to rapidly adapt to new datasets using a priori knowl-
edge. Traditional NAS approaches typically build the search
process from scratch each time they are applied to a different
dataset, which can be time-consuming and computationally
expensive. In contrast, TransferNAS (NAG) approaches
build on insights and patterns learned from previous tasks,
allowing them to omit the search process when working
with new datasets. This knowledge transfer not only accel-
erates the search but also typically results in architectures
that are better suited to the new task, leading to improved
performance.

MetaD2A focuses on transferable NAS by learning to
generate neural architecture graphs conditioned on datasets.
It samples architectures using a graph generative model
and optimizes by aligning generated architectures with
dataset-specific performance metrics. TNAS introduces a
meta-learned Bayesian surrogate model to accelerate NAS
across datasets. The method leverages prior architecture-
performance data from source tasks to guide sampling for
target tasks. Architectures are sampled using Bayesian opti-
mization with an acquisition function informed by the sur-
rogate, which predicts performance on the target dataset.
Optimization involves iterative updates to the surrogate with
task-specific evaluations, enabling efficient transferability
and reduced search time. DiffusionNAG employs a dif-
fusion model to generate transferable neural architectures
guided by a performance predictor. Architectures are sam-
pled as iterative refinements of initial random graphs using
the diffusion model, conditioned on dataset-specific features.
Optimization integrates a predictor to evaluate and guide
the refinement process, ensuring that generated architectures
align with the desired performance metrics on the target task.
Different from DiffusionNAG, PNAG (our method) uses an
autoregressive approach for architecture generation, focus-



ing on improving the generation efficiency and generation
quality. We use a predictor-guided approach to iteratively
generate suitable architectures through acquisition optimiza-
tion strategies.

8.3. Datasets
In this section, we provide a brief description of the datasets
and meta-dataset used in the experiments.

Image Datasets. We evaluate our method on four
datasets, including CIFAR-10, CIFAR-100, Aircraft, and
Oxford IIIT Pets. The details of the datasets are as follows:
CIFAR-10. CIFAR-10 is a dataset consisting of 60,000 color
images across 10 different classes, with 6,000 images per
class. Each image is of size 32 × 32 pixels and represents
everyday objects such as animals and vehicles. CIFAR-100.
CIFAR-100 is similar to CIFAR-10 but contains 100 differ-
ent classes, each with 600 images, making a total of 60,000
images. Each class is more granular, and the dataset pro-
vides a more challenging classification task with the same
32 × 32 pixel format. Aircraft. The Aircraft dataset con-
tains around 10,000 images of aircraft, categorized into 30
different aircraft model variants. It is used for fine-grained vi-
sual classification tasks, focusing on distinguishing between
different types of airplanes. Oxford-IIIT Pets. The Oxford-
IIIT Pets dataset consists of 7,349 images of 37 different
breeds of cats and dogs. Each breed has roughly 200 images,
and the dataset is used for both fine-grained classification
and segmentation tasks. Following [2], the dataset is divided
into 85% for training and 15% for testing. All images are re-
sized to 32× 32. For CIFAR-10 and CIFAR-100, we use the
predefined splits from the NAS-Bench-201 benchmark. For
Aircraft and Oxford-IIIT Pets, we create random validation
and test splits by dividing the test set into two equal-sized
subsets.

Meta-dataset. In the training of dataset-aware predictor,
we utilized triplet data in the form of (task, architecture,
accuracy). In [11], the authors provided such a meta-dataset,
which includes 4,230 task samples for the NB201 and 15,000
task samples for the MBV3. All task datasets are derived
from ImageNet [4]. Each task consists of a dataset with 20
categories.

8.4. Training Pipeline for Neural Architecture
In Sec. 4.2 of the main paper, we obtain the optimal ar-
chitectures under different datasets by using the predictor
and performing the actual training on Top-K architectures.
Therefore, in this section, we will provide a training pipeline
for neural architectures under different search spaces.
NAS-Bench-201 and DARTS. In accordance with the train-
ing pipeline described by [5], each architecture in NAS-
Bench-201 is trained using Stochastic Gradient Descent
(SGD) with Nesterov momentum, optimizing with cross-
entropy loss over 200 epochs. To regularize the training, a

weight decay of 0.0005 is applied, and the learning rate is de-
creased from 0.1 to 0 following a cosine annealing schedule.
Consistent hyperparameters are maintained across different
datasets to ensure uniformity. Additionally, data augmen-
tation techniques, such as random horizontal flipping (with
a probability of 0.5), random cropping of 32 × 32 patches
with 4 pixels of padding on each side, and normalization
over RGB channels, are employed for all datasets.
MobileNetV3. To ensure a fair comparison, we use the
same training pipeline as DiffusionNAG [2]. We fine-tuned
a subset of a pre-trained supernet from the MobileNetV3
search space, initially trained on the ImageNet 1K dataset.
This fine-tuning was conducted for CIFAR-10, CIFAR-100,
Aircraft, and Oxford-IIIT Pets datasets, using the experimen-
tal setup from [3]. The procedure began by activating the
subnet along with its parameters that were pre-trained on Im-
ageNet 1K for each neural architecture. The fully connected
layers for the classifier were then randomly initialized, en-
suring that the output size matched the number of classes
in the target dataset. Subsequently, fine-tuning on the target
dataset was carried out for 20 epochs. The training settings
were based on MetaD2A. We employed SGD with cross-
entropy loss and set a weight decay of 0.0005. The learning
rate was decreased from 0.1 to 0 using a cosine annealing
schedule. Images were resized to 224× 224 pixels, and data
augmentation methods were used, including random hori-
zontal flipping, Cutout with a length of 16, AutoAugment,
and DropPath with a drop rate of 0.2.

8.5. Optimization Strategies in PNAG

In our approach, a single generation of the architectures by
PNAG does not guarantee to satisfy the condition of max-
imizing the accuracy on the corresponding task, so it is
necessary to use an optimization strategy to generate better
architectures. Specifically, for each generated architecture,
the optimization strategy is used to correct it. This process is
repeated until the optimal architecture is generated. We pro-
vide two optimization strategies as shown in Sec. 4.2, one is
to acquire samples by Random method and use the surrogate
model to directly guide the generation of the architecture,
and the other is to select the samples by an evolutionary
algorithm (EA) combined with the surrogate model for the
architecture generation. For the EA method, we only per-
form a mutation operation (add, delete, and alter structure)
on the architecture.

8.6. Implementation Details of PNAG
In this section, we provide the model structures and the
hyperparameters in the experiments, including the uncondi-
tional neural architecture generation model based on PNAG,
the conditional neural architecture generation model, the
dataset-aware neural predictor, and the model for task encod-
ing. The specific hyperparameters are listed in Table 7.



Unconditional Neural Architecture Generation Model.
The unconditional NAG model is based on the VAE and
replaces the architecture generation part with an autoregres-
sive model (i.e., PNAG), as illustrated in Fig. 2(Stage 1). The
process is self-supervised and aims to allow the model to
learn the probability distribution of the architecture. Specif-
ically, in the encoding part, we use the CATE model [17]
(detailed in Sec. 7.1), and in the generation process, there is
no network inference, and only the optimization of the code-
book is involved. Then, the discrete structure is transformed
into a continuous structure by Embedding. Finally, in the
decoding part, we use two linear layers.

Conditional Neural Architecture Generation Model. The
conditional NAG model is used to process the neural archi-
tecture after fusing the conditional information, intending to
learn a more accurate representation of the architecture. Fol-
lowing [14], we adopt a standard decoder-only transformer
similar to GPT-2 and VQGAN [7] to process the conditional
input, replacing traditional layer normalization with adaptive
normalization (AdaLN) [10]. So the transformer contains
multiple AdaLN Self-Attention (AdaLNSelfAttn) layers.

Dataset-Aware Neural Predictor. The neural predictor
includes the processing of the architecture, the processing
of the task, and the prediction network. For architecture
processing, we use the DiGCN model [15]. For the task, we
get the encoded task vectors (detailed in the next part), which
are then processed using a combination of “linear layer +
Transfomer layer + linear layer”. Finally, the information
of the architecture and the task is fused, and the prediction
results are obtained by a multilayer perceptron.

Model for Task Encoding. We used ResNet34 [8] as a
probe network to encode the tasks.

9. Additional Experimental Results

In this section, we conduct two additional experiments to
verify the influence of both the SCC strategy and the task
encoding on generation.

9.1. Influence of SCC on Sub-Architecture

To further validate the advantages brought by the SCC strat-
egy, we need to the validity of the sub-architecture. We
selected 256 samples (one batch) for testing. The samples
are chosen from the NAS-Bench-201 search space to ver-
ify whether the average validity of all the sub-architectures
improves as the iteration progresses. As shown in Fig. 5,
the average validity of the sub-architectures is effectively
improved after the introduction of SCC, and at the end of
the iteration, the average validity of all sub-architectures can
be close to 100%, which proves that the introduction of SCC
strategy provides a stable generation path.

Table 7. Hyperparameter settings under different models

Unconditional NAG model
Hyperparameter Value

The number of transformer blocks in CATE 12
The number of heads 8

Hidden Dimension of feed-forward layers 128
Hidden Dimension of transformer blocks 64

The Dimension of Codebook 7 in NB201, 9 in MBV3, 12 in DARTS
Dropout rate 0.1

Epoch 300
Learning Rate 0.0001

Batch size 256
Optimizer Adam
Scheduler CosineAnnealingLR

β1 in Adam optimizer 0.9
β2 in Adam optimizer 0.999

Conditional NAG model
Hyperparameter Value

The number of AdaLNSelfAttn 4
Hidden Dimension in AdaLNSelfAttn 256

Epoch 300
Learning Rate 0.001

Batch size 256
Optimizer AdamW
Scheduler CosineAnnealingWarmRestarts

β1 in AdamW optimizer 0.9
β2 in AdamW optimizer 0.999

Warmup Step 10
Neural Predicotr

Hyperparameter Value
The number of DiGCN layers 4

Hidden Dimension of DiGCN layers 144
Hidden Dimension of transformer blocks 1024

The head of transformer 8
Hidden Dimension of MLP layer 32

Dropout rate 0.1
Epoch 300

Learning Rate 0.0001
Batch size 256
Optimizer AdamW
Scheduler CosineAnnealingWarmRestarts

β1 in AdamW optimizer 0.9
β2 in AdamW optimizer 0.999

Warmup Step 10
Task Encoding

Hyperparameter Value
Epoch 60

Optimizer Adam
Learning Rate 0.0004

Batch size 256
Weight Decay 0.0001

β1 in Adam optimizer 0.9
β2 in Adam optimizer 0.999

Table 8. Results of PNAG on CIFAR10 with and without task
encoding.

Search Space Task Encoding Accuracy (%) on CIFAR10 Improvement (%)
NB201 without 94.08±0.29 -
NB201 with 94.37±0.00 0.29
MBV3 without 95.98±0.61 -
MBV3 with 97.67±0.05 1.69

9.2. Influence of Task Encoding

In this section, we assess the influence of task encoding on
generalization to unseen tasks. We train PNAG with and
without task encoding and test its performance on unseen
tasks. The experiments are conducted on the CIFAR10 in
two search spaces. As shown in Table 8, PNAG generated
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Figure 5. Influence of SCC strategies on
the average validity of intermediate sub-
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Figure 6. Results of the different number of generation steps on architectural performance.

Table 9. Results on TransNAS-Banch-101.

Method Scene (ACC. %) Object (ACC. %) Jigsaw (ACC. %) Layout (Loss $×10ˆ{-2}$) Segment. (mIoU %)

HNAS 54.29 44.08 94.56 -64.83 94.57
RoBoT 54.87 45.59 94.82 -61.16 94.58
EDNAG 54.89 45.52 94.71 -62.19 93.97
Arch-LLM 54.79 44.99 94.73 -61.39 94.34
PNAG 54.91 45.59 94.86 -61.07 94.61
optimal 54.94 45.59 95.37 -60.10 94.61

architectures of significantly higher quality when task en-
coding is applied, demonstrating that the encoding strategy
enhances the generalization capability of PNAG in condi-
tional generation tasks.

9.3. Influence of Generation Step Number
While the number of generation steps (equivalent to the
number of sub-architectures) is predefined in our process (6
for NB201 and 11 for MBV3), its impact on the quality of
generated architectures warrants investigation. Therefore,
we conducted experiments with varying step numbers. As
shown in Fig. 6, across different tasks and search spaces,
the quality of architectures generated by PNAG consistently
improves with an increasing number of steps. This demon-
strates a clear correlation between the number of generation
steps and the quality of the resulting architectures.

9.4. Expand to Other Tasks
To further validate the performance of the PNAG on other
tasks, we conducted a comprehensive evaluation in the
TransNAS-Banch-101 [6] search space (with a Micro size).
This dataset includes not only traditional classification tasks
but also jigsaw and segmentation tasks, better simulating
the diverse applications encountered in the real world. For
comprehensive comparison, we introduced several SOTA

methods, including HNAS [13], RoBoT [9], EDNAG [19],
and Arch-LLM [12].

The experimental results in Table 9 clearly demonstrate
that the PNAG algorithm outperforms all other baseline meth-
ods across all tasks. Specifically, in the classification tasks,
PNAG achieved accuracy rates of 54.91% for Scene and
45.59% for Object, outperforming most existing methods.
In the Jigsaw task, PNAG achieved an accuracy of 94.86%,
which is very close to the optimal result (95.37%), showcas-
ing its strong capability in handling complex image structure
tasks. In the Layout task, PNAG’s loss value was -61.07,
showing a slight increase, but still exhibiting stronger robust-
ness compared to other baseline methods. In the Segmen-
tation task, PNAG achieved an mIoU of 94.61%, which is
identical to the optimal result, demonstrating its outstanding
performance in image segmentation tasks. Overall, PNAG
demonstrated highly competitive performance in this multi-
task evaluation, confirming its effectiveness and broad adapt-
ability in complex application scenarios.

9.5. Results on Large Search Space

In this section, we apply PNAG to a larger search space,
GraphNet [16], whose size is approximately 10390. The im-
plementation details are as follows: (1) Due to the vastness
of the original search space, we sampled 400,000 architec-



Table 10. Results on GraphNet.

Method Pretraining time CIFAR10 Acc (%) CIFAR10 Cost CIFAR100 Acc (%) CIFAR100 Cost ImageNet Acc (%) ImageNet Cost
Evo(T-CET) - 96.4 22 79.6 22 77.6 20
HL-Evo(T-CET)+CCNF 5 97.4 3.6 80.9 3.6 78.4 6
SG+CCNF 30 97.6 0.08 81.0 0.08 78.5 0.08
PNAG 4.28 98.02±0.21 0.01 82.17±0.34 0.01 78.13±0.28 0.01

tures for the first-stage pre-training (as shown in Fig. 2 of the
main text), which cost 4.28 GPU hours. (2) We recognize
that the GraphNet search space differs from NAS-Bench-
201 or MobileNet, where defining a cell does not determine
the final architecture. Therefore, we construct the complete
architecture by generating several cells (3 to 5 in our exper-
iments) and then repeatedly stacking them; (3) As there is
no available neural predictor to directly evaluate the perfor-
mance of generated architectures on GraphNet for specific
tasks, we adopted a zero-cost approach for architecture eval-
uation. (4) Following the same experimental protocol as in
GraphNet, we selected the top 10 scoring architectures for
retraining on CIFAR10, and the top 1 for ImageNet-1K. (5)
Furthermore, to ensure a fair comparison, we constrained
our generation to architectures with fewer than 1 million
parameters on the CIFAR datasets and no more than 450M
FLOPs on the ImageNet dataset. Our final results, averaged
over three independent runs for each dataset, are presented
below. As can be seen, our method achieves SOTA on the
CIFAR datasets. On ImageNet, our best accuracy (78.41%)
is slightly lower than that of SG+CCNF, but it is achieved at
a lower computational cost. These results demonstrate the
effectiveness of our approach in much larger search spaces.
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