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Abstract

Recent advancements in Zero-shot Neural Architecture
Search (NAS) highlight the ability of zero-cost proxies in
identifying superior architecture. However, we identify a crit-
ical issue with current zero-cost proxies: they aggregate node-
wise zero-cost statistics without considering that not all nodes
in a neural network equally impact performance estimation.
Our observations reveal that node-wise zero-cost statistics
significantly vary in their contributions to performance, with
each node exhibiting a degree of uncertainty. Based on this
insight, we introduce a novel method called Parametric Zero-
Cost Proxies (ParZC) framework to enhance the adaptability
of zero-cost proxies through parameterization. To address the
node indiscrimination, we propose a Mixer Architecture with
Bayesian Network (MABN) to explore the node-wise zero-
cost statistics and estimate node-specific uncertainty. More-
over, we propose DiffKendall as a loss function to improve
ranking consistency. Comprehensive experiments on NAS-
Bench-101, 201, and NDS demonstrate the superiority of our
proposed ParZC compared to existing zero-shot NAS meth-
ods. Additionally, we demonstrate the versatility and adapt-
ability of ParZC on Vision Transformer search space.

Introduction
Neural Architecture Search (NAS) (He et al. 2023) has been
proposed to search for optimal architectures automatically,
which show better performance than the manually-designed
networks. Despite its potential, NAS has been criticized for
its substantial requirements on computational resources. For
instance, NASNet (Zoph and Le 2017) necessitated 2k GPU
hours to identify an architecture. To alleviate it, surrogate-
based methods (Chen et al. 2019), one-shot NAS (Pham
et al. 2018a; Liu, Simonyan, and Yang 2019; Hu et al. 2021),
and zero-shot NAS (Mellor et al. 2021; Lin et al. 2021) are
investigated to expedite the process. Among them, Zero-shot
NAS is an innovative approach that leverages proxies or met-
rics to predict the performance of neural networks at initial-
ization, significantly reducing the computational resources
and time typically required for traditional NAS.
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Figure 1: Overview of ParZC and EZNAS (Akhauri et al.
2022) pipeline. W: Weight, A: Activation, G: Gradient, H:
Hessian Matrix.

Despite its high efficiency, ZC proxy exhibits several
limitations: (1) Homogeneity Assumption: Previous meth-
ods (Mellor et al. 2021; Lin et al. 2021; Tanaka et al. 2020;
Lee, Ajanthan, and Torr 2019; Abdelfattah et al. 2021) rely
on the underlying assumption that each node has an equal
influence on the ZC proxy calculation, which has been ques-
tionable (Cavagnero et al. 2023; Wang et al. 2023; Shu
et al. 2022b). Here, a node represents a basic operation
within the network, such as a 1x1, 3x3 convolution, or other
basic computational units. (2) High Data Demand: Re-
cent automated methods (Akhauri et al. 2022; Dong et al.
2023a; Li et al. 2023b, 2024) aiming to search for new prox-
ies or integrate existing ones (Shu et al. 2022b) face chal-
lenges due to their significant data requirements. For exam-
ple, EZNAS (Akhauri et al. 2022) first proposes a frame-
work that evolves zero-cost proxies from scratch for neural
architecture scoring, which requires 15,625 samples during
searching. HNAS (Shu et al. 2022b) utilizes Bayesian opti-
mization to combine the NTK (Jacot, Gabriel, and Hongler
2018) and existing proxies, which also demand 2,000 sam-
ples for optimization. Obtaining these samples (architecture-
accuracy pairs) typically involves training each architecture
from scratch, which is expensive and impractical.

For the homogeneity assumption, we conduct an intuitive
experiment, as presented in Fig. 2. We collect the node-wise
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Figure 2: Node-wise relative importance of ZC proxies
(Synflow (Tanaka et al. 2020), GradNorm (Abdelfattah et al.
2021), and Fisher (Turner et al. 2020)) based on GBDT im-
purity on NAS-Bench-201.

Figure 3: Layer-wise non-
negative weighting schema
for ParZC†.

Figure 4: Comparison with
HNAS and EZNAS with
same number of samples.

ZC statistics of three ZC Proxies and employ GBDT (Fried-
man 2001) for regression analysis (see Supp. A.2 for GBDT
details). Then, we visualize the relative importance of each
node-wise ZC statistics using impurity in Fig. 2. In general,
nodes in the deeper layer are more significant than shallower
ones. This phenomenon reveals that node-wise ZC statistics
significantly vary in their contributions to performance.

To address the challenge of non-homogeneous node han-
dling, we propose the Parametric Zero-Cost Proxies (ParZC)
framework as presented in Fig. 1. This framework intro-
duces a novel approach to proxy design that leverages train-
able parameters to adaptively learn and represent the unique
characteristics of different nodes within a network. Specif-
ically, we propose Mixer Architecture with Bayesian Net-
work (MABN) to learn how to rank architectures within the
search space. We incorporate a Bayesian Network into the
Mixer Architecture to enhance the ability to measure uncer-
tainty. Additionally, we directly optimize rank correlation by
relaxing Kendall’s Tau so that ParZC can effectively handle
discrepancies in the ranking of architectures. ParZC signifi-
cantly enhances both the rank correlation and the efficiency
of the search process. Furthermore, we propose a training-
free non-negative weighting scheme, denoted as ParZC† as
an alternative of MABN. As illustrated in Fig. 3, this scheme
employs sinusoidal weighting to assign differential impor-
tance to nodes based on their indices. It can potentially en-
hance ranking consistency in a complementary manner with-
out requiring additional training. We present the overview of
ParZC and EZNAS in Fig. 1 and the ranking correlation of

HNAS (Shu et al. 2022b) and EZNAS (Akhauri et al. 2022)
with ParZC w.r.t. the number of samples in Fig. 4. Our con-
tributions are as follows:

• We introduce Parametric Zero-Cost Proxies (ParZC), a
hybrid adaptable ZC proxy framework that leverages the
uncertainty inherent in node-wise ZC proxies.

• We incorporate the Mixer Architecture with the Bayesian
Network (MABN) to estimate uncertainty for node-wise
ZC statistics. Additionally, we introduce DiffKendall, a
novel approach designed to enhance ranking capabilities.

• We validate ParZC’s superiority through comprehensive
experiments conducted on NAS-Bench-101, 201, and
NDS benchmarks.

Related Work
Training-free NAS (Lin et al. 2021; Mellor et al. 2021;
Dong, Li, and Wei 2023; Tang et al. 2024a; Dong et al. 2024)
employs zero-cost proxies as predictive indicators. This ap-
proach involves evaluating architectures using ZC proxies
on randomly initialized weights, with just a limited number
of forward and backward passes with a mini-batch of input
data, thereby significantly enhancing efficiency. Zero-shot
NAS (Ning et al. 2021; Wei et al. 2023; Li et al. 2025) can be
categorized into two main types based on how to handle the
neural network: (1) Node-level zero-shot NAS adopt from
pruning literature including GradNorm (Abdelfattah et al.
2021), SNIP (Lee, Ajanthan, and Torr 2019), GraSP (Wang,
Zhang, and Grosse 2020) Fisher (Turner et al. 2020), and
Synflow (Tanaka et al. 2020). These ZC proxies are named
after sensitivity indicators initially designed for fine-grained
network pruning that measure the approximate loss change
when certain parameters or activations are pruned. These
ZC proxies (Abdelfattah et al. 2021) evaluate an architecture
by summing up sensitivities of all nodes. (2) Architecture-
level zero-shot NAS holistically assesses the architecture’s
discriminability by discerning variances among distinct in-
put images. NWOT (Mellor et al. 2021) proposes a heuristic
metric based on local Jacobian values to estimate the per-
formance. ZenNAS (Lin et al. 2021) evaluates the candidate
architectures using the gradient norm (Tang et al. 2024c) of
the input image as a ranking score. HNAS (Shu et al. 2022b)
reveals theoretical guarantees for zero-shot proxies and en-
hance the existing proxies (Abdelfattah et al. 2021) using
Bayesian optimization. EZNAS (Akhauri et al. 2022) pro-
poses to search for the zero-cost proxies by breaking down
proxy into the combination of operations.
Predictor-based NAS streamlines the architecture search
process by predicting the performance of neural architec-
tures based on their encoded representations. These meth-
ods primarily focus on the encoding scheme and the de-
sign of the predictor model. Various predictors have been
employed, including embedding matrices (Luo et al. 2020;
Ning et al. 2020a; Tang et al. 2024b), GCN (Wen et al. 2020;
Chen et al. 2021c), MLP (White, Neiswanger, and Savani
2021), and Transformers (Lu et al. 2021, 2023). One-shot
NAS (Guo et al. 2019; Chu, Zhang, and Xu 2021; Tang et al.
2024b; Dong et al. 2023b; He et al. 2023) can also be con-
sidered predictor-based NAS, using the supernet as a perfor-
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mance estimator. Several approaches have been proposed to
enhance encoding techniques: NAO (Luo et al. 2018) incor-
porates LSTM-based autoencoders to generate latent repre-
sentations, Arch2Vec (Yan et al. 2020) transforms architec-
tures into a continuous vector space, GATES (Ning et al.
2020b; Shen et al. 2024) utilizes a graph-based scheme rep-
resenting architectures as DAGs (Tang et al. 2024a). TA-
GATES (Ning et al. 2022) further employ ZC to break the
symmetry of architecture encoding. NP (Wen et al. 2020)
employs adjacency matrices. CTNAS (Chen et al. 2021c) in-
troduces a contrastive learning approach, encoding architec-
tures based on their comparative performance. Recent works
such as TNASP (Lu et al. 2021) and PINAT (Lu et al. 2023)
leverage transformer architectures for encoding, further ad-
vancing the field of predictor-based NAS. In this paper, we
investigate the potential in the node-wise ZC statistic, which
is a fine-grained way to encode the architectures.

Parametric Zero-Cost Proxies
In this section, we present our ParZC framework (illustrated
in Fig. 5), comprising a node-wise ZC encoding scheme
and a Mixer Architecture with Bayesian Network. To im-
prove the ranking correlation, we propose DiffKendall to op-
timize the parameters of ParZC directly. Finally, we propose
a training-free alternative to ParZC, which utilize a non-
negative weighting to improve the existing ZC proxies.

Node-wise ZC Encoding
To address the significant magnitude differences and varia-
tions among node-wise Zero-Cost (ZC) proxies, we employ
min-max feature scaling σ. This technique mitigates large
condition number issues and reduces variance from dis-
parate feature scales. For the k-th ZC proxy zk : S(Ni) → R
applied to the m-th neural network N (m) from the search
space, the encoding is defined as:

σ(zk(N (m))) :=
zk(N (m))−min(zk(N (m)))

max(zk(N (m)))−min(zk(N (m)))

where zk represents the k-th node-wise ZC proxy, which is a
function that maps the statistics of a node to a real number:
zk : S(Ni) → R. zk(N (m)) ∈ RL denotes the applica-
tion of zk to all L nodes of N (m). σ denotes the min-max
feature scaling operation, which normalizes the ZC statis-
tics to a common scale, facilitating more stable and effective
learning in subsequent stages of the model. As illustrated in
Fig. 5, just with one batch of data as input to perform for-
ward and backward operations, we can gather the statistic
zk(N (m)) ∈ RL, where the label on the nodes denotes the
order of processing. Refer to Supp. A.1 for details.

Mixer Architecture with Bayesian Network
Stacked Multi-layer perceptions (MLPs) can approximate
complex nonlinear functions but struggle in capturing intri-
cate, higher-order interactions among input data with high
uncertainty. We introduce a novel approach, the Mixer Ar-
chitecture with Bayesian Network (MABN), as shown in
Fig. 5, designed to explicitly model uncertainty by embed-
ding probabilistic relationships within ZC proxy statistics.

Given the inherent instability in ZC estimations, our method
utilizes the Mixer Architecture to explore inter-segment re-
lationships effectively. By incorporating Bayesian networks,
we significantly enhance its ability to assess uncertainty in
node-wise ZC proxies.
Bayesian Network. We introduce a Bayesian Network that
employs probabilistic backpropagation (Hernández-Lobato
and Adams 2015), which can enhance the estimation of the
input uncertainty. Each Bayesian layer transforms the input
x ∈ RN×L×P to an output y ∈ RN×L×O through a lin-
ear transformation using Bayesian weights y = xWT

b . The
weight matrix Wb is computed using the reparameterization
trick:

Wb = µ+ log(1 + eρ) · ϵ

where µ represents the mean and ρ represents the log distri-
bution variance, and ϵ ∼ N (0, I) is a random variable sam-
pled from a standard normal distribution. In the Bayesian
network, the output Y given an input X and weights Wb

is described by the conditional probability P (Y |X,Wb),
indicating the probability of observing Y for specified X
and Wb. The weights are derived from a posterior distribu-
tion P (Wb|X,Y ). The process culminates in a probabilis-
tic linear transformation Y = XWT

b , where each forward
pass involves integrating over potential linear transforma-
tions, weighted according to their posterior probabilities.
This method aligns with Bayesian principles, effectively al-
lowing the network to incorporate uncertainty into its pre-
dictions. As illustrated in Fig. 5, we incorporate Bayesian
Networks before and after the Mixer Architecture to enhance
uncertainty modeling of node-wise ZC proxies.
Mixer Architecture. We first apply a linear layer to project
the input into a higher-dimensional space X ′. We further
segment X ′ ∈ RN×(S×L) by splitting input into S seg-
ments with length of L then we have X ′ ∈ RN×S×L. In
response to improved estimations of ZC proxies, we intro-
duce the Mixer architecture, a concise approach designed
to model the complex and nonlinear mapping of node-wise
ZC statistics by exploiting inter-segment relationships. The
Mixer architecture leverages a segment mixer to achieve
these goals. The process begins with a preprocessing phase
where a Bayesian Network (BN) assesses segment uncer-
tainty Xb = XWT

b . A layer normalization step follows
BN, expressed as X ′

b = LayerNorm(Xb), where Xb denotes
the transposed input segments. Subsequently, a Feedforward
Network (FFN) is applied to these normalized segments, en-
hancing cross-segment interaction. This operation is repre-
sented as Xseg = X ′T

b + FFN
(
X ′T

b

)
. The segment Xseg is

then transposed once more and processed through r com-
bination of Linear, ReLU, and Dropout. Following a pool-
ing operation, the segment dimensions are transformed from
RN×S×L to RN×S . A Bayesian Network processes the out-
put in the final stage, enabling precise estimation of the ar-
chitecture’s characteristics.

This methodology within each mixer block significantly
bolsters the model’s ability to discern and interpret complex
inter-segment relations and patterns within the input data.
The Bayesian MLP Mixer architecture represents a sophisti-
cated blend of Bayesian inference principles and structured
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Figure 5: Framework of ParZC. Left: Illustration of node-wise ZC proxies. It can extract gradient (G), weight (W), hessian
(H), or activation (A) from different nodes. ParZC utilizes these node-wise ZC from different proxies as input. Right: Bayesian
network and mixer architecture enhance uncertainty measurement and inter-channel information extraction, with DiffKendall
loss monitoring architectural relations.

segment mixing. This innovative approach marks a leap for-
ward from traditional MLP architectures, offering enhanced
capabilities in processing and understanding intricate data
structures. Our structure exhibits a resemblance to that of
MLP-Mixer (Tolstikhin et al. 2021). However, a notable dis-
parity lies in our input methodology. Unlike MLP-Mixer,
which splits images into multiple patches, our mixer archi-
tecture exclusively relies on probability as its input source.

Differentiable Ranking Optimization
We employ Kendall’s tau (Zheng, Zhang, and Huang 2023)
to assess the correlation between the rankings produced
by zero-shot estimations and the ground truth. However,
the standard form of Kendall’s tau is not differentiable,
complicating its use in gradient-based optimization. To
make Kendall’s tau differentiable, we proposed DiffK-
endall, which introduces a sigmoid-based transformation
characterized by parameters α, encapsulated in the function
σα(∆) = sigmoid(α∆)−sigmoid(−α∆). This transforma-
tion smooths the non-differentiable sign function inherent in
the original Kendall’s Tau computation. The approximation
of Kendall’s Tau τd is:

τd = − 1(
L
2

) ∑
i̸=j

σα(∆xij) · σα(∆yij)

where
(
L
2

)
represents the total number of unique element

pairs and ∆xij = xi − xj ,∆yij = yi − yj . This expression
encapsulates the concordance and discordance between the
ranks of elements in the sequences x and y while maintain-
ing differentiability. In contrast to the pairwise rank loss (Xu
et al. 2021b), which relies on the quality of the pairs selected
for training, the proposed τd offers a broader view of rank
correlation by considering both concordant and discordant
pairs in sequences.

Non-negative Weighting
Inspired by the distribution patterns learned from MABN,
we derive a training-free weighting approach termed
ParZC†. This method can be directly applied to various zero-
cost (ZC) proxies, resulting in performance enhancements.

Specifically, we employ the Sinusoidal Weighting to avoid
the instabilities caused by negative weights, maintaining a
consistent and interpretable weighting mechanism. This ap-
proach allows for a smooth and periodic variation in the
weights, which can capture potential patterns or trends in the
node importance. The sinusoidal function ensures a contin-
uous weighting scheme, avoiding abrupt changes that could
lead to instability or inconsistencies in the ranking process.
The weighting scheme is defined as follows:

wi = sin

(
0.5× i

2

)
+ 1 (1)

where wi represents the weight assigned to the i-th node.
The Sinusoidal function is ranging from 0 to 1. It is worth
noting that the proposed weighting scheme is training-free,
meaning that it does not require any additional optimization.

Experiments
We conduct a series of experiments across three established
NAS benchmarks on CNN and ViT search spaces. Our pri-
mary objective is to evaluate the ranking ability of ParZC
in comparison with eleven zero-cost proxies and fourteen
predictor-based NAS methods. Additionally, we present an
in-depth ablation study for key factors.

Datasets and Implementation Details
Datasets. We conduct experiments on various NAS
benchmarks with extensive search space including NAS-
Bench-101 (NB101) (Ying et al. 2019), NAS-Bench-201
(NB201) (Dong and Yang 2020) and Network Design
Spaces (NDS) (Radosavovic et al. 2019) with DARTS (Liu,
Simonyan, and Yang 2019)/NASNet (Zoph and Le 2017)/E-
NAS (Pham et al. 2018a), spanning CIFAR-10 (Krizhevsky,
Nair, and Hinton 2014), CIFAR-100 (Krizhevsky 2009),
and ImageNet16-120 datasets (Chrabaszcz, Loshchilov, and
Hutter 2017). To verify the adaptability of ParZC, we extend
the experiment to ViT search space, a.k.a. Autoformer (Chen
et al. 2021a), on ImageNet-1k.
Implementation Details For each architecture in the train-
ing set, we aggregate their node-wise ZC statistics with
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NB101-CF10 NB201-CF10 NB201-CF100 NB201-IMG16 NDS-DARTS NDS-NASNet NDS-ENAS
SP KD SP KD SP KD SP KD SP KD SP KD SP KD

Params 37.0 25.0 72.0 54.0 73.0 55.0 69.0 52.0 67.0 50.0 50.5 36.1 41.0 32.0
FLOPs 36.0 25.0 69.0 50.0 71.0 52.0 67.0 48.0 67.6 50.7 48.1 34.5 41.0 32.0

Fisher (Turner et al. 2020) -28.0 -20.0 50.0 37.0 54.0 40.0 48.0 36.0 33.7 22.7 -9.2 -4.8 -5.9 -4.1
GradNorm (Abdelfattah et al. 2021) -25.0 -17.0 58.0 42.0 -63.0 47.0 57.0 42.0 37.5 26.0 -7.1 -3.9 -0.4 -0.1
GraSP (Wang, Zhang, and Grosse 2020) 27.0 18.0 51.0 35.0 54.0 38.0 55.0 39.0 -20.8 -14.7 14.2 8.6 18.4 12.3
SNIP (Lee, Ajanthan, and Torr 2019) -19.0 -14.0 58.0 43.0 -63.0 47.0 57.0 42.0 42.3 30.0 -0.7 0.9 2.8 2.6
Synflow (Tanaka et al. 2020) 31.0 21.0 73.0 54.0 76.0 57.0 75.0 56.0 49.9 36.4 7.5 5.3 6.3 4.0
NWOT (Mellor et al. 2021) 31.0 21.0 77.0 58.0 80.0 62.0 77.0 59.0 66.3 48.9 44.9 31.7 38.0 28.0
Zen (Lin et al. 2021) 59.0 42.0 35.0 27.0 35.0 28.0 39.0 29.0 49.0 36.1 13.2 10.2 13.5 10.4
ZiCo (Li et al. 2023a) 63.0 46.0 74.0 54.0 78.0 58.0 79.0 60.0 49.5 34.9 22.4 16.7 17.3 12.0

ParZC†
GradNorm -32.8 -21.8 65.9 48.0 -65.5 46.3 65.5 48.1 45.2 31.8 -12.0 -7.0 -12.5 -8.4

ParZC†
SNIP -29.2 -21.0 68.1 50.6 -67.3 50.4 67.4 49.5 48.2 33.9 -1.7 0.2 8.7 5.6

ParZC†
Synflow 43.1 30.0 75.6 57.5 75.8 57.7 75.9 56.9 49.9 36.3 7.7 5.4 9.9 7.3

EZNAS (Akhauri et al. 2022) 6.8 4.5 83.0 65.0 82.0 65.0 78.0 61.0 67.0 56.0 50.0 44.0 63.0 52.0
ParZC 83.2 63.7 90.4 70.6 91.1 74.3 87.9 69.9 67.8 50.3 54.9 38.5 69.0 50.6

Table 1: Spearman (SP) and Kendall’s Tau (KD) coefficients (%) of various ZC proxies across NAS benchmarks NAS-
Bench-101 (NB101), NAS-Bench-201 (NB201), and NDS for CIFAR-10, CIFAR-100, and ImageNet16-120 datasets.

Train Samples S100 S172 S424 S4236

Train Ratio 0.02% 0.04% 0.1% 1%
Test Samples all all 100 all

SPOS (Guo et al. 2019) - - 19.6 -
FairNAS (Chu, Zhang, and Xu 2021) - - 23.2 -
NAO (Luo et al. 2018) 50.1 56.6 70.4 77.5
NP (Wen et al. 2020) 39.1 54.5 71.0 76.9
Arch2Vec (Yan et al. 2020) 43.5 51.1 56.1 59.6
GATES (Ning et al. 2020b) 60.5 65.9 66.6 82.2
ReNAS (Xu et al. 2021b) - - 63.4 81.6
CTNAS (Chen et al. 2021c) - - 75.1 -
TNASP (Lu et al. 2021) 60.0 66.9 75.2 82.0
TA-GATES (Ning et al. 2022) - - - 66.8
PINAT (Lu et al. 2023) 67.9 71.5 80.1 84.6
ParZC 69.3 71.7 79.7 85.3

Table 2: Kendall’s Tau (%) for Predictor-based NAS Algo-
rithms on CIFAR-10, evaluated on NAS-Bench-101.

Synflow (Tanaka et al. 2020), SNIP (Lee, Ajanthan, and
Torr 2019), GradNorm (Abdelfattah et al. 2021), etc. We
adopt Kendall’s Tau (KD) and Spearman (SP) to measure
the rank correlation between predicted and actual accuracy.
For NB101 and NB201, we utilize Adam optimizer with a
learning rate 1e-4 and weight decay of 1e-3. The training
batch size is 10, and the evaluation batch size is 50. The
training epochs on NB101, NB201, and NDS are 150, 200,
and 296, respectively. Specifically for NDS, we mainly con-
duct experiments on NASNet, DARTS, and ENAS search
spaces to verify the ranking ability of ParZC. DiffKendall is
a loss function when training ParZC with α = 0.5. We de-
tail the training settings in the Supp. A.3 for different search
spaces. All of the experiments are conducted on RTX 4090Ti
and PyTorch (Paszke et al. 2019) framework. The hyper-
parameters of our proposed MABN, such as hidden size,
dropout rate, and embedding dimension, are finely tuned us-
ing Bayesian optimization with Optuna (Akiba et al. 2019)
(For more details, please refer to the Supp. A.4).

Train Samples S′
78 S′

156 S′
469 S′

781 S′
1563

Train Ratio 0.05% 1% 3% 5% 10%
Test Samples all all all all all

NAO (Luo et al. 2018) 46.7 49.3 47.0 52.2 52.6
NP (Wen et al. 2020) 34.3 41.3 58.4 63.4 64.6
Arch2Vec (Yan et al. 2020) 54.2 57.3 60.1 60.6 60.5
GraphTrans 40.9 55.0 59.4 58.8 67.3
Graphormer 50.5 63.0 68.0 71.9 77.6
TNASP (Lu et al. 2021) 53.9 58.9 64.0 68.9 72.4
NASBOWL (Ru et al. 2021) 66.7 59.1 - 72.6 76.2
EZNAS (Akhauri et al. 2022) 55.1 57.3 61.1 60.9 62.4
PINAT (Lu et al. 2023) 54.9 63.1 70.6 76.1 78.4
ParZC 64.6 70.6 80.6 83.2 85.5

Table 3: Kendall’s Tau (%) for Predictor-based NAS Algo-
rithms on CIFAR-10, evaluated on NAS-Bench-201.

Comparison with Zero-cost Proxies
We report the rank correlation with SP and KD on three NAS
benchmarks in Tab. 1, including NB101, NB201 and NDS.
The results on NB101 and NB201 are obtained from previ-
ous methods (Abdelfattah et al. 2021; Akhauri et al. 2022;
Zheng et al. 2024), while the results on NDS are evaluated
using the official implementation.
Results of ParZC. We compare our ParZC with three
kinds of zero-shot NAS methods: size-based, pruning-
based, and theory-based proxies. The size-based proxies
serve as the baseline, encompassing FLOPs and Params,
achieving competitive performance. Pruning-based proxies
are inspired by pruning metrics like Fisher (Turner et al.
2020), GradNorm (Abdelfattah et al. 2021), GraSP (Wang,
Zhang, and Grosse 2020), L2Norm (Abdelfattah et al. 2021),
Plain (Mozer and Smolensky 1988), SNIP (Lee, Ajanthan,
and Torr 2019), Synflow (Tanaka et al. 2020), which also
achieve relatively good performance but most of them still
fail to outperform the baseline. Theory-based proxies such
as NWOT (Mellor et al. 2021), Zen (Lin et al. 2021), and
ZiCo (Li et al. 2023a), generally achieve better performance
than pruning-based proxies but also show poor correlation
on challenging search space such as NASNet and ENAS.
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Algorithm Test Accuracy (%) Cost Method Applicable
CIFAR-10 CIFAR-100 ImageNet16-120 (GPU Sec.) Space

ResNet (He et al. 2016) 93.97 70.86 43.63 - manual -

ENAS (Pham et al. 2018b) 93.76±0.00 71.11±0.00 41.44±0.00 15120 reinforce C
GDAS (Dong and Yang 2019) 93.44±0.06 70.61±0.21 42.23±0.25 8640 gradient C
DrNAS (Chen et al. 2021b) 93.98±0.58 72.31±1.70 44.02±3.24 14887 gradient C

NWOT (Mellor et al. 2021) 92.96±0.81 69.98±1.22 44.44±2.10 306 training-free C & D
TE-NAS (Chen, Gong, and Wang 2021) 93.90±0.47 71.24±0.56 42.38±0.46 1558 training-free C
KNAS (Xu et al. 2021a) 93.05 68.91 34.11 4200 training-free C & D
NASI (Shu et al. 2022a) 93.55±0.10 71.20±0.14 44.84±1.41 120 training-free C
GradSign (Zhang and Jia 2022) 93.31±0.47 70.33±1.28 42.42±2.81 - training-free C & D

HNAS (MSNIP) (Shu et al. 2022b) 93.94±0.02 71.49±0.11 46.07±0.14 2976 hybrid C & D
HNAS (MGraSP) (Shu et al. 2022b) 94.13±0.13 72.59±0.82 46.24±0.38 3148 hybrid C & D
HNAS (MTrace) (Shu et al. 2022b) 94.07±0.10 72.30±0.70 45.93±0.37 3006 hybrid C & D
EZNAS (Akhauri et al. 2022) 93.63±0.12 69.82±0.16 43.47±0.20 86400 hybrid D
ParZC 94.36±0.01 73.49±0.02 46.34±0.04 3000 hybrid C & D

Table 4: Comparison of NAS algorithms on NAS-Bench-201. The result of ParZC is reported with mean and standard devia-
tion of 3 independent runs. “C” and “D” denotes continuous and discrete search space.

Overall, EZNAS (Akhauri et al. 2022) demonstrate its supe-
riority for ranking ability among all search space. Our pro-
posed ParZC surpasses the baseline by a large margin and
achieves competitive results across all search spaces.
Results of ParZC†. As presented in Tab. 1, ParZC† demon-
strates quantifiable improvements in Spearman (SP) and
Kendall’s Tau (KD) correlation coefficients over Grad-
Norm, SNIP, and Synflow across various NAS benchmarks.
The implementation of a non-negative weighting schema
has yielded statistically significant enhancements in perfor-
mance metrics, indicating a more efficient prediction of net-
work performance during the architecture search process.
Besides Sinusoidal Weighting (SIN), we provide the results
of other strategies including Linear Decrease (LD), Linear
Increase (LI), and Exponential Decrease (ED). Our analysis
reveals that while each strategy uniquely influences ranking
changes, the Sinusoidal Weighting (SIN) consistently out-
performs the others in enhancing model performance.

Comparison with Predictor-based NAS
To make a fair comparison, we present the KD on NB101
and NB201 compared to training-based NAS with the
same data-splitting settings. Tab. 2 and 3 present the
Kendall’s Tau obtained from the same data splits, denoted
as S#samples for the NB101 benchmark, utilizing 0.02%
to 1% of the entire search space, and S′

#samples for the
NB201 benchmark, utilizing 0.05% to 10% of the entire
search space. We compare our ParZC with one-shot (Guo
et al. 2019; Chu, Zhang, and Xu 2021) and predictor-based
NAS (Wen et al. 2020; Lu et al. 2023, 2021). Note that
we incorporate the operation encoding and adjacency ma-
trix following PINAT (Lu et al. 2023) into ParZC to com-
pare. For NB101, results demonstrate that our proposed
ParZC exhibits a remarkable ability in ranking architectures
on NB101, which not only outperforms the one-shot based
NAS like SPOS (Guo et al. 2019) and FairNAS (Chu, Zhang,
and Xu 2021) but also surpasses the SOTA transformer-

based predictors (Chen et al. 2021c; Lu et al. 2021, 2023).
For NB201, our ParZC increases the SP by around 10%.
With only 78 samples (0.05% of search space), our ParZC
can achieve better performance than PINAT (Lu et al. 2023)
with 156 samples, which denotes that our ParZC contains
additional information over the architecture and is comple-
mentary to existing predictor-based methods.

Search Results on NAS-Bench-201
We present a thorough evaluation of various NAS algo-
rithms, focusing on their performance on the test set on
CIFAR-10/100 and ImageNet16-120 in NB201, as detailed
in Tab. 4. To substantiate the effectiveness and efficiency
of our proposed ParZC, we conduct comparative analyses
with several baseline approaches, including optimization-
based (Dong and Yang 2020), one-shot (Pham et al. 2018b;
Dong and Yang 2019; Chen et al. 2021b), zero-shot (Mellor
et al. 2021; Chen, Gong, and Wang 2021; Xu et al. 2021a;
Shu et al. 2022a; Zhang and Jia 2022) and automatic de-
signed proxies (Akhauri et al. 2022; Dong et al. 2024). We
categorize various NAS methods into five types: evolution,
random search, reinforcement, gradient, and training-free.
Hybrid denotes a combination of these types. For example,
EZNAS belongs to training-free and evolution categories.
Our ParZC uniquely integrates gradient and training-free ap-
proaches. As shown in Tab. 4, ParZC outperforms training-
based and training-free baselines by consistently selecting
superior architectures. ParZC requires only 50 GPU min-
utes for its training process, as it estimates performance in
batches, which iscomparable to even zero-shot NAS meth-
ods like KNAS (Xu et al. 2021a). Furthermore, our ParZC
attains SOTA performance on NB201 with minimal vari-
ance, showcasing its efficiency and effectiveness.

Experiments on Vision Transformer
We present the performance of the searched Vision Trans-
former architecture on the ImageNet-1k dataset in Tab. 5.
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Algorithms Param (M) Top-1 (%) GPU Days

Deit-Ti (Touvron et al. 2020) 5.7 72.2 -
TNT-Ti (Han et al. 2021) 6.1 73.9 -
ViT-Ti (Dosovitskiy et al. 2021) 5.7 74.5 -
PVT-Tiny (Wang et al. 2021) 13.2 75.1 -
ViTAS-C (Su et al. 2021) 5.6 74.7 32
AutoFormer-Ti (Chen et al. 2021a) 5.7 74.7 24
TF-TAS-Ti (Zhou et al. 2022) 5.9 75.3 0.5
ParZC 6.1 75.5 0.05

Table 5: Comparison with ViT on ImageNet-1k.

LD LI ED SIN
SP KD SP KD SP KD SP KD

GradNorm -9.2 -5.1 -11.4 -7.3 -8.3 -6.1 7.9 6
SNIP -14.7 -9.3 -12.7 -7.4 -8.9 -6.5 10.1 7.6
Synflow 1.7 1.2 0.5 0.8 0.9 0.3 2.6 3.5
L2Norm -1.2 -3.1 0.1 0.7 -0.9 -2.1 2 1.5

Table 6: Ranking Changes with weighting strategy.

Following TF-TAS (Zhou et al. 2022), we utilize the ground-
truth labels from AutoFormer (Chen et al. 2021a; Wei et al.
2023). Utilizing a relatively small dataset comprising 1,000
samples, our ParZC algorithm demonstrates the capability to
identify a high-performance architecture within an impres-
sively short span of 0.05 GPU days. This efficiency level
aligns with that of leading one-shot NAS methods. The re-
sults in the table show that the architecture identified by
ParZC not only competes with but also exceeds the perfor-
mance of the SOTA TF-TAS-Ti model (Zhou et al. 2022)
while maintaining a comparable number of parameters.

Ablation Study
Design Choices. We dissect the contributions of compo-
nents in ParZC using KD and SP on NB201 in Tab. 7. The
results are reported with mean and std of 3 runs with differ-
ent seeds. Integrating all components yields optimal KD and
SP coefficients of 69.98% and 87.90%, respectively. Only
mixer architecture is a competitive baseline with 62.29% KD
and 80.19% SP. Compared with baseline MLP, mixer archi-
tecture can achieve 7.65% higher in KD and 6.69% higher
in SP. We also observe that NP (Wen et al. 2020) can further
increase the predictive capability(1.2%↑ KD).
Effectiveness of DiffKendall. We present an ablation study
evaluating the impact of Mean Squared Error (MSE) Loss,
Rank Loss, and Differentiable Kendall’s Tau (DiffKendall)

(a) All architectures (b) Top architectures

Figure 6: Rank correlation between ParZC and ground truth

NP Mixer BN MLP KD(%) SP(%)

✓ - - - 34.29±0.42 45.61±12.89
- ✓ - - 62.29±3.31 80.19±1.45
- - - ✓ 54.64±8.60 73.50±13.78
- - ✓ - 50.12±5.35 69.09±8.86
✓ ✓ - - 59.79±2.41 78.84±4.61
✓ - ✓ - 54.81±1.22 74.24±1.51
- ✓ ✓ - 67.69±4.21 86.03±3.53
✓ ✓ ✓ - 68.89±1.40 87.17±0.64

Table 7: Ablation study of design choices in ParZC us-
ing 78 samples on NB201. NP: Neural Predictor (Wen et al.
2020), Mixer: Mixer Architecture, BN: Bayesian Network,
MLP: Multi-layer Perceptron.

MSE Rank DiffKendall KD(%) SP(%)

✓ - - 65.69 85.04
- ✓ - 65.64 84.89
✓ ✓ - 64.62 83.92
✓ - ✓ 65.56 84.75
- ✓ ✓ 64.41 83.85
✓ ✓ ✓ 66.36 85.51
- - ✓ 66.83 85.97

Table 8: Ablation study of loss functions using 178 Sam-
ples on NB101. MSE: Mean Squared Error Loss, Rank:
Ranking-Based Loss Function (Xu et al. 2021b).

on NB101, as shown in Tab. 8. The results show that em-
ploying DiffKendall as the single loss function achieves the
best rank correlation with 66.83% KD and 85.97% SP.
Sample Size. Tab. 3 and Fig. 4 illustrate the Kendall’s Tau
correlation coefficients obtained with varying sample sizes.
Our proposed ParZC method outperforms the SOTA coun-
terparts, EZNAS (Akhauri et al. 2022) and HNAS (Shu et al.
2022b), by a large margin.
Visual Inspection. In Fig. 6, we visualize the rank correla-
tion of ParZC on NB201. The fig. (a) displays the correla-
tion across the entire search space, exhibiting a remarkable
Kendall Tau of 78.24%. We investigate the top-tier architec-
ture within the search space in Fig. (b). Notably, we mark
the top architectures with a star symbol, which validates our
ParZC’s effectiveness in identifying architectures with supe-
rior performance. Additionally, we provide the visualization
of Bayesian Network in Fig.9 of Supp. E.1.

Conclusion
We present a Parametric Zero-Cost Proxies (ParZC) frame-
work to address the critical issue of homogeneous treatment
of node-wise ZC statistics. Specifically, we propose Mixer
Architecture with Bayesian Network (MABN) to explore
and quantify the inherent uncertainties in the node-wise
ZC statistics. To enhance the ranking capabilities of ParZC,
we further introduce DiffKendall to handle the discrepancy
in ranking architectures. Extensive experiments on various
NAS benchmarks and Vision Transformer demonstrate that
our ParZC can outperform ZC proxies and predictor-based
NAS methods. We aspire for our work to catalyze the design
and development of ZC proxies, thereby fostering innova-
tion and progress within the research community.
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