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Abstract

Transferable neural architecture search (TNAS) has been in-
troduced to design efficient neural architectures for multiple
tasks, to enhance the practical applicability of NAS in real-
world scenarios. In TNAS, architectural knowledge accumu-
lated in previous search processes is reused to warm up the
architecture search for new tasks. However, existing TNAS
methods still search in an extensive search space, necessitat-
ing the evaluation of numerous architectures. To overcome
this challenge, this work proposes a novel transfer paradigm,
i.e., design principle transfer. In this work, the linguistic de-
scription of various structural components’ effects on archi-
tectural performance is termed design principles. They are
learned from established architectures and then can be reused
to reduce the search space by discarding unpromising archi-
tectures. Searching in the refined search space can boost both
the search performance and efficiency for new NAS tasks.
To this end, a large language model (LLM)-assisted design
principle transfer (LAPT) framework is devised. In LAPT,
LLM is applied to automatically reason the design principles
from a set of given architectures, and then a principle adapta-
tion method is applied to refine these principles progressively
based on the new search results. Experimental results show
that LAPT can beat the state-of-the-art TNAS methods on
most tasks and achieve comparable performance on others.

Introduction

Neural architecture search (NAS) has recently become a
prominent research focus for the automatic construction of
deep neural networks (DNNs) (Zhou et al. 2021b). With
the advancement of NAS methods, automatically generated
DNNs surpass manually crafted ones across various deep
learning tasks (Zhou et al. 2021a). Nonetheless, the major-
ity of NAS methods concentrate on constructing DNN ar-
chitectures for a single task. This implies that these methods
must run repeatedly from scratch when networks for multi-
ple tasks are required. This constraint impedes the practical
utility of NAS in real-world settings.

To address this limitation, transferable NAS (TNAS) has
been introduced (Zhou et al. 2023; Li et al. 2021; Elsken
etal. 2020; Lu et al. 2021; Huang et al. 2022; Liu, Simonyan,
and Yang 2018). TNAS leverages architectural knowledge
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gained from prior search processes to expedite the archi-
tecture search for new tasks, effectively “warming up” the
search process. For instance, previously discovered architec-
tures can inform and guide the search toward more promis-
ing configurations for a new task (Zhou et al. 2023; Li et al.
2021; Elsken et al. 2020). Similarly, performance predictors
built during earlier NAS tasks can be reused to reduce the
computational cost of evaluating new architectures (Lu et al.
2021; Huang et al. 2022). Nevertheless, these approaches
still operate within vast search spaces (e.g., 10'® candidate
architectures in DARTSs (Liu, Simonyan, and Yang 2018)),
necessitating the evaluation of a prohibitively large number
of architectures and thus resulting in an inefficient search
process. Additionally, the current TNAS methods often in-
tertwine the utilization of transferred knowledge with spe-
cific search techniques, limiting their adaptability to differ-
ent NAS methodologies.

This paper introduces a novel paradigm called design
principle transfer, aimed at overcoming these challenges.
In this approach, design principles—expressed as linguis-
tic descriptions of how certain structural components (e.g.,
layers or connections) affect the performance of architec-
tures—are first extracted from architectures developed for
previous tasks. These principles are then applied to prune
the search space by eliminating architectures with less crit-
ical components, resulting in an optimized subspace for the
new task. By searching within this refined subspace, the pro-
posed approach aims to significantly enhance both the effi-
ciency and performance of NAS for new tasks. Importantly,
because knowledge reuse is decoupled from the architecture
search itself, this paradigm is compatible with most NAS
methods.

Despite its promise, the practical implementation of de-
sign principle transfer presents several challenges. Firstly,
the complexity and diversity of DNN architectures make it
difficult to distill general design principles. Current meth-
ods often require specialized tools to map architectures into
a shared latent space, followed by expert analysis to extract
underlying design rules (Yuan et al. 2022), which reduces
the level of automation. Secondly, the process of learn-
ing these principles is resource-intensive, requiring a vast
number of labeled architectures. For instance, Radosavovic
et al. (2020) trained over 500 architectures to investigate the
relationship between architectural width and performance,



incurring costs that exceed those of most NAS efforts. Ad-
ditionally, the high-level abstraction of knowledge in natural
language complicates its translation into actionable insights
for architecture design.

With the emergence of pre-trained Large Language Mod-
els (LLMs) (Wu et al. 2024; Liu et al. 2024), LLMs offer
a promising solution to address the aforementioned chal-
lenges. By representing architectures in programming lan-
guages, the task of learning design principles can be framed
as a language-inductive learning problem, a domain where
LLMs have demonstrated proficiency (Imani, Du, and Shri-
vastava 2023). Therefore, leveraging LLMs as reasoning
agents for automatic design principle learning is a logical
step. Given their pre-training on vast knowledge, in-context
learning can be employed to tackle this task, thereby miti-
gating the constraints posed by the number of architecture
samples. Furthermore, owing to their contextual awareness,
LLMs can automatically translate design principles into ac-
tionable architectural knowledge for NAS methods.

Keeping the above in mind, this work proposes an LLM-
assisted design principle transfer (LAPT) framework. The
LAPT framework employs a pre-trained LLM to learn de-
sign principles from well-established neural architectures
represented in programming codes. These principles are
then translated into constraints that refine the predefined
search space, optimizing it for new NAS tasks. However, due
to domain shifts, the refined subspace may not always be op-
timal for every task. To address this, we introduce a principle
adaptation method that refines the design principles based on
the architectures found for the target task, thereby building
the search space to the specific requirements of this task. The
main contributions of this paper are summarized as follows:

* To the best of our knowledge, this work is the first re-
search for the design principle transfer. This novel trans-
fer paradigm aims to build a refined search space for new
NAS tasks, leading to the improvement of search perfor-
mance and efficiency.

An LLM-assisted framework is proposed to implement
the design principle transfer across different NAS tasks,
which offers at least three advantages: (i) Learning of
the general design principles based on LLMs; (ii) Task-
specific principle adaptation against domain shit; (iii) Im-
proved interpretability of search space refinement.
Extensive experiments across various search spaces and
tasks demonstrate the effectiveness of LAPT. Even when
using standard NAS methods, searching within the re-
fined search space leads to state-of-the-art (SOTA) re-
sults, highlighting the potential of design principle trans-
fer as a promising research direction in NAS.

Related Work

This section reviews the most closely related studies to our
work, namely TNAS and the utilization of LLMs in NAS.

TNAS

To reduce the computational cost, transfer learning has been
incorporated into NAS, giving rise to TNAS (Huang et al.
2022; Lee and Hyung 2021; Lu et al. 2020, 2021; Elsken
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et al. 2020; Zhou et al. 2023). In TNAS, the knowledge
gained during the architecture search for one task is applied
to aid in the architecture design for others. Depending on the
types of transferred knowledge, TNAS can be classified into
two categories. One category transfers already found archi-
tectures from previous tasks to directly build architectures
for new tasks. For instance, Lu et al. (Lu et al. 2020) de-
sign architectures for CIFAR-100 and use them to classify
images from ImageNet directly. However, the generaliza-
tion performance of these methods has been criticized. To
solve this drawback, multitasking evolutionary NAS (MT-
NAS) (Zhou et al. 2023) applies these high-performing ar-
chitectures to guide the architecture search for new tasks in-
stead of solving them directly.

The second category reuses the NAS model built in pre-
vious tasks to guide the architecture search for a new task.
For example, Lu et al. (2021) leverage the supernet that has
been initialized on ImageNet to improve the search effi-
ciency of evolutionary NAS (ENAS) on new image classi-
fication tasks. In another related work (Elsken et al. 2020), a
meta-architecture is acquired from previous tasks, and this
architecture can be adapted to a new task just through a
few gradient-based steps. Huang et al. (2022) fine-tune the
performance predictor developed for the Jigsaw task and
use it to reduce the search cost on other computer vision
tasks. However, these methods still search in a very large
search space, consuming a lot of computing resources for
obtaining high-quality architectures. In this work, a new
paradigm of TNAS is proposed, i.e., design principle trans-
fer. In this method, general design principles are summa-
rized from established architectures and further reused to re-
duce the search space for new NAS tasks.

LLMs For NAS

Most existing NAS methods still follow a semi-automated
process, where designs for search space, search method,
and performance evaluation system rely on expert knowl-
edge (Chen, Dohan, and So 2024). To improve the automa-
tion degree of architecture design, LLMs have been incorpo-
rated into NAS, because of their robust capabilities in solv-
ing various domain-specific tasks. For instance, leveraging
its powerful generative capabilities, GPT-4 has been utilized
to generate convolution neural networks (CNN5s) (Chen, Do-
han, and So 2024; Zheng et al. 2023; Nasir et al. 2023;
Qin et al. 2024) and graph neural networks (GNNs) (Wang
et al. 2023; Dong et al. 2023). When compared to many
mainstream NAS methods, these LLM-based methods can
achieve comparable performance. Moreover, LLMs can
serve as a performance predictor within NAS to accelerate
the search process (Zhang et al. 2023; Jawahar et al. 2023;
Chen et al. 2024). In contrast to performance predictors de-
veloped using machine learning methods or DNNs, LLMs
can achieve comparable performance with fewer training
samples. Contrary to existing works focusing on the refine-
ment of the search method and the performance evaluation
system, our work applies LLMs to refine search space, fur-
ther extending the application of LLMs in NAS research.
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Figure 1: Overview of the proposed LAPT. This framework consists of two stages. In the learning stage of design principles,
LLM is driven by specific prompts to learn general design principles from a set of architectures. In the architecture search stage,
the learned principles are applied to initialize the search space for each new task. Then, architectures found in the refined search
space are used to update these principles, aiming to build the task-specific search space.

Proposed Method

In this section, we initially define the architecture search
problem and introduce a design principle transfer framework
to effectively address it. Subsequently, details of these key
components within this framework are presented including
design principle learning and principle adaptation.

Problem formulation

Given a task 7 associated with labeled dataset D, we con-
sider searching an architecture a* from a predefined search
space €) to achieve the best accuracy (termed ACC.) on
this task. Different from existing NAS works that directly
search in the entire search space, we only explore a promis-
ing subspace €, for the efficient architecture search. This
NAS problem can be formulated as follows:

a* =argmax ACC.(a, D)
a€Q,

s.t. Q. C Q,

ey

where the key to solving equation (1) is building the opti-
mal subspace €, of €. In this work, €2 consists of a set of
available architectures for the target task 7. For each archi-
tecture A in €, it follows a feed-forward structure with no
more than L layers. Each layer [; is associated with some
operators (such as pooling and convolution) to deal with the
received feature information, where C; denotes the candidate
operators for the ith layer. Additionally, the feed-forward
structure makes /; only receive information from its previ-
ous layers S; = {l1,...,l;—1}, where s; denotes the infor-
mation sources of the ith layer. Thus, an architecture A can
be parameterized as A = UL {l;, s;}, and 2 can be formu-
lated as equation (2):

Q:{AHZ‘EC,', S,’CS@,’L'G{L...,L}}. 2)
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To extract the optimized subspace from (2, design principles
that describe the influence of various operators and connec-
tions for the architecture performance can be used to discard
the unimportant operators and information sources of each
layer. In this way, a subspace for each layer, i.e., refined can-
didate operators C; C C; and refined candidate information
sources S C &;, can be built. The refined search space €2,
is in equation (3):

Q. ={a|ll; €C], s, CS], acQ}. 3)
Compared with 2, €, has a higher proportion of well-
performing architectures, searching in this optimized search
space is more efficient to reach the architecture with good
performance. The quality analysis of {2 and €2, is presented
in https://arxiv.org/abs/2408.11330.

Framework

An overview of LAPT is presented in Figure 1 and Algo-
rithm 1. This framework consists of two stages, i.e., de-
sign principle learning and the architecture search for new
tasks. In the design principle learning stage, a set of well-
performing architectures A is collected from a pre-defined
search space 2 (line 1 in Algorithm 1). Then, a prompt is
devised to help a pre-trained LLM reason general design
principles P from .4 (line 2 in Algorithm 1). These learned
principles P are transferred as the initial design principles
{P,}_; to help solve N new NAS tasks {7, })_; (lines
3-10 in Algorithm 1). Specifically, for the task 7, P, is
translated to the subsets {C!', S} by the pre-trained LLM,
leading to the generation of a refined search space €2,.. Then,
a NAS method is applied to search for the promising archi-
tectures B3,, from €2, for 7,,. These found architectures are
applied to adapt P, to 7,. These steps related to principle
adaptation and architecture search are repeated until reach-
ing a predefined stopping criterion. Finally, the best archi-
tecture found in the search process is used to solve T,.



Algorithm 1: Framework of the proposed LAPT

Input: Search space (2, new tasks {7, }2_,, a pre-trained
LLM, a NAS method, iterations G.
Output: Architecture {a* })\_;.
1: Build an archive A consisting of performing architec-
tures from Omega;
2: {P,}N_, «+ Prompt the LLM to learn design principles
P from A and set it as initial principles for each task;
3: for n from 1 to N do

4 Base + 0;
5. for g from 1 to G do
6: Q, <« LLM translate P, to a set of subset
{Cr, SI}E of Q2 and build subspace follow (3);
7: B,, < Search for architectures for the task 7,, from
2, by the given NAS method;
8: Best < Evaluate architectures 3,, on 7, and
record the performance of the best one;
9: P,, Base < Adapt P, based on 3,,, Base, Best
and return the updated principles; #Alg. 2
10:  end for
11: end for

12: Return the best architecture {a’}N_, found in the
search process.

Design principle learning

In this part, a prompt is designed to guide the LLM to
learn the design principles from the given architectures. The
prompt consists of two parts, i.e., architecture implementa-
tion and learning guidelines.

Firstly, the pre-trained LLM benefits from exposure to
a wide array of programming languages, allowing it to
gain awareness of the neural architecture from source
codes (Zheng et al. 2023). Nevertheless, due to the to-
ken limitation, it becomes infeasible to feed all architec-
ture source codes directly into the LLM. To tackle this is-
sue, Python classes that can instantiate an architecture from
its architectural parameters, i.e., UZ{l;, s;}, are set as
prompts. This approach enables LLMs to assimilate knowl-
edge about these neural architectures solely through a few
architecture parameters. A simple example of the Python
code-based prompt is shown in Figure. 2.

Secondly, instructing LLMs to reason the general design
principles from such architectures is not trivial, given the
complex and diverse DNN architectures. To address this is-
sue, drawing inspiration from the effective utilization of the
“chain of thought” method in LLMs, we steer the LLM to-
wards a step-by-step reasoning process as follows:

 Stepl: input architectural parameters of the given archi-
tectures into the LLM;

e Step2: prompt LLM identifying common patterns within
these architectures;

e Step3: summarize the design principle behind these
common patterns.
in

More Details of this prompt can be found

https://arxiv.org/abs/2408.11330.
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““operators = {
1: nn.Conv(kernel_size=3, stride=1)

2: nn.Conv(kernel_size=5, stride=1) Output
3: nn.AvgPool2d(kernel_size=3, stride=1)
class cell(nn.Module): T
def __init__(self, layer): Pooling
self.layer1 = operators[layer[0]] 3x3
self.layer2 = operators[layer[1]]
self.layer3 = operators[layer[2]] T
def forward(self, input): Conv Conv
s1 = self.layer1(input) 3x3 3x3
s2 = self.layer2(input)
s3 = self.layer3(s1+s2)
return s3
Architecture = model(Layer_list)
Input

The Layer_list is [1,1,3] *”

Figure 2: The Python code-based prompt can help LLMs
gain awareness of the right CNN architecture from its archi-
tectural parameters which are represented as “Layer_list”.

Algorithm 2: Principle Adaption

Input: design principles P, found architectures B,,, Base,
Best, # of selection architectures 7.
Output: updated P,.

1: if Base < Best then

2: P, < Prompt LLM to update P,, from the top r ar-
chitectures of B,,;

3:  Base + Best;

4: else

5. P, < Prompt LLM to describe effects of other oper-
ators and connections that are not in current P,,;

6: end if

7: Return P,,, Base.

Principle transfer and adaptation

In the architecture search stage, principles P learned in the
last stage are used to help build the refined search space €2,..
Specifically, we prompt the pre-trained LLM to translate P
into the most available candidate operators C; and informa-
tion sources S; for each layer. In this way, {2, can be built
following equation (3). Then, the NAS method is used to
search architectures 3,, from §2,., aiming to solve the prob-
lem shown in equation (1).

However, due to domain shift where the architecture per-
forms differently on different tasks, €2, may not be optimal
for all the tasks. To alleviate the potential negative effects
of domain shift, this work adapts P to the target task based
on the newly found architectures. As a result, a task-specific
subspace can be built progressively. Specifically, the NAS
method is applied to search for architecture from €2,. in an it-
erative way. In each iteration, if the better-performing archi-
tectures are found, LLM is prompted to update P,, based on
these architectures; otherwise, LLM is required to describe
effects of other available candidate operators and informa-
tion sources that are not in P,,, promoting the exploration
for other promising regions in (2. Details of this adaption
strategy can be seen in Algorithm 2.



Stage Parameter NAS201  Transl01  DARTs
Learning # of samples 50 50 100
Adaption " R X 3 15 30
# of iterations 3 4 2
population size 5 10 20
# of generations 1 1 10
REA tournament size 2 5 2
crossover probability - 0.5
mutation probability 1 1 0.5
Supernet # of epochs 30

Table 1: Hyper-parameters settings

Experiments

To demonstrate the efficacy of the proposed LAPT, we per-
form architecture searches for diverse tasks utilizing the de-
sign principles learned from established architectures. Sub-
sequently, we compare its search performance with other
well-known NAS and TNAS methods. This section com-
mences with a description of the search spaces and exper-
imental setup, followed by the presentation of comparisons.

Search space

This work tests the proposed TNAS method on three search
spaces, i.e., NAS-bench-201 (NAS201) (Dong and Yang
2020), TransNAS-Bench-101 (Trans101) (Duan et al. 2021),
and DARTSs (Liu, Simonyan, and Yang 2018).

NAS201. The architecture in NAS201 consists of the re-
peated cells. Each cell consists of 6 layers and there are
five candidate operators for each layer. These layers are con-
nected following a predefined pattern leading to 15K archi-
tectures in this search space.

Trans101. Architectures in Trans101 follow the same
cell-based structure in NAS201, but there are only 4 can-
didate operators for each layer. Thus, only 4K candidate ar-
chitectures are included in the space.

DARTS. Architectures in this search space also follow
the cell-based structure. Particularly, each architecture con-
sists of stacking two types of cells, i.e., the normal cell
and the reduction cell. For each cell, there are 2 input lay-
ers and 4 ordered stages. Each stage includes two layers,
and each layer has 8 candidate operators to deal with in-
formation from previous stages or input layers, resulting in

Hi:l @82 ~ 10 candidate cell structures. Since we
jointly learn both normal and reduction cells, the total num-
ber of architectures is (10%)2.

Experiment Setup

LAPT is employed to search for task-specific architectures
within the three distinct search spaces mentioned above.
Given that this framework is adaptable to various NAS meth-
ods, the vanilla NAS method Regular EA (REA) (Real
et al. 2019) is utilized in these experiments to showcase the
efficacy of the design principle transfer. Details of hyper-
parameters are in Table 1 and implementations are as fol-
lows:

Experiments on NAS201. In these experiments, we col-
lect 50 top-performing architectures on ImageNet from

23004

NAS201 as the input for LLM. Then, learned principles are
used to constrain the range of available operators on each
layer, leading to a refined search space of NAS201. We
separately search for top-performing architectures (i.e., Top
0.1%) on CIFAR-10 and CIFAR-100 from the refined search
space and record the time cost.

Experiments on Trans101. In these experiments, we
collect 50 top-performing architectures on Jigsaw from
Trans101 as the input for LLM. Then, learned principles
are used to constrain the range of available operators on
each layer, leading to a refined search space of Trans101.
We search for architectures from the refined search space
to solve 6 different computer vision tasks i.e., Object Clas-
sification (Obj), Scene Classification (SC), Room Layout
(Roo), AutoEncoder (Auto), Surface Normal (Nor), Seman-
tic Segmentation (Seg), respectively.

Experiments on DARTS. In these experiments, we ran-
domly select 5000 architectures from DARTSs and evaluate
them on CIFAR-100. To reduce the evaluation cost, a super-
net that covers all the architectures in DARTS is pre-trained
on CIFAR-100 and each architecture can inherit weights
from it for evaluation. The top 100 architectures in the se-
lected architectures are the input of LLM. Then, learned
principles are used to constrain the number of candidate op-
erators on each layer and its candidate information sources,
leading to a refined search space of DARTSs. We search for
individual architecture from the refined search space to solve
image classification tasks on CIFAR-10 and ImageNet. To
accelerate the search process, a supernet that covers the re-
fined search space is built and then pre-trained on the target
task. As a result, each architecture can inherit weights from
it for evaluation.

In these experiments, GPT-4 is used as the pre-trained
LLM for design principle learning and adaptation. Related
prompts and the effectiveness of different LLMs are shown
in https://arxiv.org/abs/2408.11330.

CIFAR-10 CIFAR-100

Method
Acc.(%) Archs. Acc. Archs.

REA (Real et al. 2019) 93.92 >500 71.84 >500
HEBO (Cowen-Rivers et al. 2022)  94.34 100 72.62 100
MetaD2A (Lee and Hyung 2021) 94.37 100 73.34 100
TNAS-BO (Shala et al. 2023) 94.37 29 73.51 59
LAPT-REA 94.36 4.9 7345 8.6

Table 2: Comparison with TNAS and NAS methods on
NAS201.We present the test accuracy achieved by the found
architectures on two unseen datasets. Additionally, we pro-
vide the number of neural architectures (Archs.) that are
trained in the search. We run LAPT 20 times with differ-
ent random seeds and average values are reported.

Comparison to NAS methods

Comparison on NAS201. We choose well-known NAS
methods and TNAS methods as baselines: (1) the vanilla
NAS method REA and the state-of-the-art NAS method
HEBO (Cowen-Rivers et al. 2022); (2) the state-of-the-art
TNAS methods include TNAS-BO (Shala et al. 2023) and



Tasks Obj SC Roo Auto Nor Seg Total
Metric Acct Acct L2loss]  SSIM7 SSIM 1 L2 MIoU?t Ave. Rank|
REA (Real et al. 2019) 4539%  54.62% 61.75 56.96 57.22 25.52 38.50
BONAS (Shi et al. 2020) 4550%  54.46% 61.10 56.73 57.46 25.32 34.31
WeakNAS-T (Wu et al. 2021) 4529%  54.78% 60.70 56.90 57.19 25.41 35.73
Arch-zero (Huang et al. 2022) 45.64%  54.80% 60.21 56.61 57.90 25.73 14.7
Arch-Graph (Huang et al. 2022)  45.81%  54.90%  60.08 56.58 58.27 25.69 12.2
LAPT-REA 45.96%  54.89%  60.18 56.52 57.69 2591 12.3

Global Best 46.32%  54.94% 59.38 57.72 59.62 26.27 1

Table 3: Comparison results under same time cost on Trans101 (For Metric: 1 indicates higher is better, | indicates lower is
better, bold indicates the best search results). LAPT runs 25 times with different random seeds.

MetaD2A (Lee and Hyung 2021). In LAPT, REA is used for
architecture search, and its results (LAPT-REA) are shown
in Table 2.

Design principles summarized by experts:

P1: The identity layer connecting the input and the output is
beneficial to the performance.

P2: Average-pooling layers probably downgrade performance.

P3: Using multiple 3x3 convolution layers in one path improves
model performance.

Design principles learned by our LAPT:

P1: Introduce skip connections in middle layers to maintain
raw features alongside processed ones.

P2: Minimize the use of Zeroize and AvgPool operations, as
they seemto be less effective.

P3: Complex transformations appear to perform better than
simple ones.

P4: Starting with a convolutional layer helps in learning useful
features from the input data.

P5: Utilizing both kernel size 1 and 3 in the convolutional layers
allows the model to learn both fine-grained and coarse-grained
features.

Figure 3: Design principles separately learned by LAPT
and experts. Our LLM-based framework not only learns the
identical principles (i.e., P1 — P3) with experts but also can
reason other valuable principles P4 and P5.

Compared with NAS methods, our proposed LAPT
achieves better search performance and search efficiency by
a large margin. Specifically, LAPT can reach the top archi-
tectures for CIFAR-10 and CIFAR-100 with 100x less time
cost than REA and 10x less time cost than HEBO.

Compared with TNAS methods, benefiting from the
search space refinement, LAPT can achieve the SOTA per-
formance. Specifically, all of these methods can reach the
top architecture on CIFAR-10, but LAPT is about 25x faster
than MetaD2A and 7x faster than TNAS-BO. On CIFAR-
100, LAPT is about 12x faster than MetaD2A obviously and
is about 7x faster than TNAS-BO.

We further show the general principles learned for the ar-
chitectures in NAS201 in Figure. 3 and the ones summa-
rized by experts (Yuan et al. 2022). We can see that LAPT
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can learn the identical principles (i.e., P1-P3) with experts.
Most importantly, LAPT can learn two other principles, i.e.,
P4 and P5. This study demonstrates that our LLM-based ap-
proach can automatically learn design principles and pro-
duce valuable and varied outcomes.

Comparison on Transfer101. We choose well-known
NAS methods and TNAS methods as baselines: (1)
the vanilla NAS method REA and the NAS method
BONAS (Shi et al. 2020); (2) the state-of-the-art TNAS
methods include WeakNAS-T (Wu et al. 2021), Arch-zero
and Arch-Graph (Huang et al. 2022). All of these methods
have the same search cost, i.e., the number of trained archi-
tectures is set to 50. Transferred architectural knowledge of
all the TNAS is from the same computation task, i.e., Jigsaw.

From Table 3, our LAPT can achieve better search per-
formance and search efficiency by a large margin than the
NAS methods. Specifically, LAPT can beat BONAS on all
the 6 tasks. LAPT outperforms REA on 5 out of 6 tasks and
achieve the highest average mode rank.

Compared with these TNAS methods, benefiting from
the search space refinement, LAPT can achieve the SOTA
results. Specifically, LAPT beats WeakNAS-T on most
tasks (5 out of 6). Compared with the Arch-zero, LAPT
achieves better performance on half of the tasks, ie.,
Obj, Auto, and Seg obviously, and achieves comparable
performance on other tasks. Compared with the SOTA
method Arch-Graph, LAPT can beat it on tasks obj and
Seg, and achieve similar performance on other tasks. The
learned general principles for Transferl01 are shown in
https://arxiv.org/abs/2408.11330.

Comparison on DARTS. In these experiments, LAPT is
applied to search for architectures for CIFAR-10 and Ima-
geNet from DARTSs. Baselines include: (1) the basic CNNs
designed by experts include VGG (Simonyan and Zisserman
2014), ResNet-110 (He et al. 2016), DenseNet-BC (Huang
et al. 2017), and SENet (Zagoruyko and Komodakis 2016);
(2) the superior NAS methods which have improved state-
of-the-art results at that time include SNAS (Xie et al. 2018),
and DARTs (Liu, Simonyan, and Yang 2018); (3) SOTA
NAS methods include GibbsNAS (Xue et al. 2021), MFE-
NAS (Yang et al. 2022), and MASNAS (Dong et al. 2022).
In LAPT, the vanilla NAS method REA is used for architec-
ture search, and its search results (LAPT-REA) on CIFAR-
10 are shown in Table 4.

From Table 4 we can observe that because of the search



Architecture Test Acc.(%) GPU Days
VGG (Simonyan and Zisserman 2014) 93.35 -
ResNet-110 (He et al. 2016) 93.40 -
DenseNet-BC (Huang et al. 2017) 94.81 -
SENet (Zagoruyko and Komodakis 2016) 95.38 -
SNAS (Xie et al. 2018) 97.15 1.5
DARTs (Liu, Simonyan, and Yang 2018) 97.28 4
GibbsNAS (Xue et al. 2021) 97.47 0.5
MSNAS (Dong et al. 2022) 97.32 0.25
MFENAS (Yang et al. 2022) 97.61 0.6
LAPT-REA 97.35 0.1

Table 4: Performance comparison on CIFAR-10 using the
search space DARTS.

Architecture Top1 Acc.(%) Params. GPU Days
InceptionV'1 69.8 6.6M

MobileNet 70.6 4.2M

ShuffleNet 73.7 5.0M -
PC-DARTS (Xu et al. 2020) 75.8 5.3M 3.8
FairDARTSs (Chu et al. 2020) 75.6 4.3M 3.0
Shapley-NAS (Xiao et al. 2022)  76.1 5.4M 4.2
LAPT-REA 75.1 4.6M 2.0

Table 5: Performance comparison on ImageNet using the
search space DARTS.

space optimization, LAPT can find the superior architectures
more efficiently. Specifically, LAPT achieves superior per-
formance in terms of test accuracy against these handcrafted
CNNs including VGG-16, ResNet-110, DenseNet-BC, and
SENet on CIFAR-10. Compared to superior NAS methods,
LAPT can outperform them. To be specific, LAPT can beat
SNAS using 15 x fewer GPU days and cost 10x fewer GPU
days to achieve better performance than DARTSs. Although
the test accuracy of LAPT is slightly worse than state-of-
the-art methods, it has less time cost. Specifically, LAPT
achieves comparable performance on CIFAR-10 with Gibb-
sNAS, MSNAS, and MFENAS but costs 5x, 2.5x, and 6 x
fewer GPU days.

Search results on ImageNet are shown in Table 5. From
this table, we can see that because of the search space refine-
ment, LAPT can achieve similar search results with other
NAS methods but with about 1.5-2 x less search cost (2 GPU
days), which is more time-efficient.

Ablation study

In the proposed LAPT framework, two core components are
emphasized: knowledge transfer and principle adaptation.
To showcase their efficacy, two different verions of LAPT
are performed on Trans101. In the first version, the principle
adaptation step is omitted, referred to as WO Adaptation.
In this scenario, the search space is refined solely based on
the design principles derived from previous tasks and never
refined during the search process. In the second version, de-
noted as WO Transfer, architectural knowledge from prior
tasks is unavailable, and LAPT refines the search space
solely based on the architectures designed for the new task.
The model ranks of the discovered architectures via these

23006

w
o

o o 40
025 V35
c c
S o 30
20 -
= c 25
815 & 20
3 10 @15
3 810
=3 =50 ] {
0 LAPT wo wo 0 LAPT wo WO
Adapation Transfer Adapation Transfer
(a) Obj (b) SC
880 =)
x 70 <5
§ 60 5
¥50 x 40
@ 40 &30 .
([} @ 20
820 l 3
=10 s 10
0 LAPT wo wo 0 LAPT wo WO
Adapation Transfer Adapation Transfer
(c) Roo (d) Auto
40 8
- ol
3 & 16
< 30 514
<25 ~ 12
G20 S 10
S5 = 8
210 36 ‘
=] o 4
= 5 =2
0 0
LAPT wo wo LAPT wo WO
Adapation Transfer Adapation Transfer
(e) Nor (f) Seg

Figure 4: Model rank of different LAPT versions on
Trans101.

two versions illustrated in Fig. 4. These results demonstrate
that knowledge transfer closely aligns with enhanced search
performance. Without employing the transfer strategy, iden-
tifying top-ranking architectures becomes challenging. Fur-
thermore, the principle adaptation strategy is more related
to convergence of the search method (leading to the lower
variance of model ranks).

Conclusion

This paper introduces a novel idea of design principle trans-
fer in NAS, aiming to improve the architecture search effi-
ciency for new tasks. To this end, an LLM-assist framework
is proposed to help learn the design principles from estab-
lished architectures and transfer them well to the new NAS
tasks. Experiments on different search spaces have demon-
strated that the quality of the refined search spaces is higher
than the original ones. Even the vanilla search method can
achieve SOTA results when searching in such space. How-
ever, in this work, these tasks need to share the high simi-
larity and the same search space. Knowledge transfer across
different search spaces and domains should be explored in
the future.
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