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A. Figure illustrations of evaluation process
In Sec. 3 of the main text, we introduce six probing tasks.
Here, we provide illustrations for these six tasks, as shown
in Figs. 1 to 6. Additionally, we also present the complete
search process in Fig. 7, which includes the evaluation pro-
cess for a candidate network.

B. Hyperparameter values
In this section, we provide all hyperparameter values we use
in our experiments, as listed in Table Tab. 1. Although we
have already described their meanings in Sec. 3 of the main
text, we include brief explanations in the table for readabil-
ity.

C. Search space
In this section, we introduce the three search spaces de-
signed in Sec. 4.2 of the main text, which are used for
searching Convolutional Neural Networks (CNNs), Trans-
formers, and Mambas, respectively. Essentially, the process
of designing a search space involves selecting a set of hy-
perparameters related to network structure and specifying
their respective value sets. Since each combination of hy-
perparameter values corresponds to a specific network ar-
chitecture, sampling a candidate network from the search
space only requires sampling one value from each hyperpa-
rameter’s value set. We refer to these hyperparameters as
Adjustable Hyperparameters (AHs).

C.1. Search space for CNN
For the overall architecture, we adopt a MobileNetV3-like
inverted residual architecture suitable for edge device de-
ployment. The macrostructure AHs are given in Tab. 2. The
entire network consists of four stages, each containing sev-
eral inverted residual blocks, with detailed AHs provided

in Tab. 3. Additionally, we design adjustable variables
for micro-operations, including normalization layers (batch
normalization, group normalization), activation functions
(ReLU, Swish), and skip connections (present/absent).

C.2. Search space for Transformer
We integrate the advantages of ViT and Swin to design a
hybrid local-global architecture. Similar to the CNN search
space, it also includes several macrostructure AHs (shown
in Tab. 4) and stage-level AHs (shown in Tab. 5), with the
entire network divided into four stages. Furthermore, for
multi-head attention, either standard Multi-Head Attention
(MHA) or local-window MHA can be selected. To stabilize
training, we enforce the use of pre-layer normalization.

C.3. Search space for Mamba
We design the search space primarily based on the VMamba
architecture, with AHs shown in Tab. 6. Unlike CNN and
Transformer, the network here is no longer divided into
stages.

D. Search results compared with training-free
NAS methods

In Sec. 4.2 of the main text, we present the search results of
our method and a comparison with various training-based
NAS methods. Here, we compare our method with vari-
ous training-free NAS methods. For a fair comparison, we
control the search time of all methods to one hour. Specif-
ically, we no longer fix the number of candidate networks
to 500; instead, we continuously sample and evaluate net-
works from the search space until the search time reaches
one hour, and then select the highest-scoring network from
the evaluated candidates as the search result. As before,
we conduct the search separately in three search spaces.
The results are presented in Tab. 7. As can be seen, the
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Figure 1. Illustration of probing task Local-Global Jigsaw (LGJ).
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Figure 2. Illustration of probing task Occlusion In-Painting (OIP).
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Figure 3. Illustration of probing task Rotation Match (RM).

search results obtained by our method remain state-of-the-
art.
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Figure 4. Illustration of probing task Color-Shape Binding (CSB).
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Figure 5. Illustration of probing task Motion Forecast (MF).
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Figure 6. Illustration of probing task Visual Memorization (VM).
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Figure 7. The complete search process of our method.



Table 1. Hyperparameter values used in our experiments.

Hyperparameter Meaning (parentheses indicate the associated probing tasks) Value

h Height after resizing raw image (LGJ, OIP); diameter of sample region (RM);
canvas height (CSB, MF)

48

w Width after resizing raw image (LGJ, OIP); canvas width (CSB, MF) 48
hp Image patches height (LGJ) 8
wp Image patches width (LGJ) 8
γ Similarity threshold of two patches (LGJ) 0.9

oh min Minimum height of masks in (OIP) 6
oh max Maximum height of masks in (OIP) 12
ow min Minimum width of masks in (OIP) 6
ow max Maximum width of masks in (OIP) 12
α Noisy opacity of masks (OIP) 0.5
µ Weight of variance-penalty term when calculating score (OIP) 0.2
c1 Number of shape categories (CSB) 6
c2 Number of colors (CSB) 4
T Number of frames (MF) 10
k Number of classes (VM) 10

mtrain Number of instances from each class’s training split (VM) 10
mtest Number of instances from each class’s test split (VM) 10

Table 2. Macrostructure AHs in CNN search space.

AHs name Value set Description

Input resolution {224, 192, 160, 128} Dynamically adjusted for different tasks
Width multiplier {0.5, 0.75, 1.0, 1.1} Global channel scaling factor
Stem channels {16, 24, 32} Number of channels in the initial convolution layer
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Table 3. Stage-level AHs in CNN search space.

AHs name Value set Description

Blocks per stage Stages 1-4: {1,2,3} ×4 Total depth ≤ 12 layers
Expansion ratio {3, 4, 6} 1× 1 expansion factor

Kernel size {3, 5, 7} Depthwise separable convolution
Output channels Stages 1-4: {16, 24, 32, 48, 64, 96, 128} Stage-wise increasing

Table 4. Macrostructure AHs in Transformer search space.

AHs name Value set Description

Patch size {4, 8, 16} Affects sequence length and computational cost
Base embedding dimension {48, 64, 80, 96} Must be divisible by head dimension

Number of layers {6, 8, 10, 12} Total depth
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Table 5. Stage-level AHs in Transformer search space.

AHs name Value set Description

Blocks per stage {1,2,3} ×4 Total blocks = macro-level depth
Number of attention heads {2, 3, 4, 6} Per-head dimension ≥ 32

MultiLayer Perceptron (MLP) ratio {3.0, 3.5, 4.0} FFN hidden layer expansion ratio
Query-Key-Value (Q-K-V) dimension {32, 48, 64} Can be smaller than embedding dimension

Table 6. Macrostructure AHs in Mamba search space.

AHs name Value set Description

Patch embedding size {4, 8, 16} Analogous to ViT’s patchify
Hidden dimension {48, 64, 80, 96} SSM core dimension
Number of layers {6, 8, 10, 12} Total depth
State dimension {8, 12, 16} SSM state space size
Expansion factor {1.5, 2.0, 2.5} Linear layer expansion ratio

State Space Model (SSM) block type {Mamba, MLP-mixer, hybrid} Supports architectural diversity
Scan direction {bidirectional, 4-directional} Spatial scanning strategy for vision tasks



Table 7. Search results of various training-free NAS methods. P, F, L, T-1, T-5, SS, MS are abbreviations for parameter number (M),
FLOPs (G), latency (s), top-1 accuracy (%), top-5 accuracy (%), mIoU (SS), and mIoU (MS), respectively. For object detection, we adopt
the Mask R-CNN 3× MS schedule. Best results in bold.

Network Method P F L
CL DT SG

T-1 T-5 APb APb
50 APb

75 APm APm
50 APm

75 SS MS

CNN

#Param 16 3.7 0.67 77.2 94.0 46.7 64.6 49.8 29.0 53.3 49.9 41.8 44.9
Gradnorm [1] 16 4.3 1.03 78.5 95.6 47.2 65.7 50.1 28.7 54.8 50.7 41.9 45.9
Synflow [12] 17 3.9 1.40 78.5 96.9 46.8 66.6 51.2 29.9 55.6 51.2 42.5 45.9
GraSP [13] 15 3.5 1.42 74.6 91.0 45.3 61.9 48.0 28.3 51.6 48.3 39.8 43.1
Fisher [9] 15 3.6 1.90 75.2 93.0 45.5 63.1 48.9 28.4 52.3 48.6 41.1 43.9
Snip [6] 16 3.9 1.03 75.2 91.3 44.9 62.2 48.4 27.1 52.1 48.4 41.2 43.3
Zen-NAS [8] 16 4.0 1.05 75.9 92.2 44.9 62.8 47.7 28.3 53.0 49.8 41.2 44.4
ZiCo [7] 16 4.0 1.26 75.7 91.5 45.1 62.7 48.7 28.6 51.3 48.8 41.0 44.1
MeCo [4] 16 3.4 1.12 75.1 92.1 45.2 62.4 48.7 28.6 53.1 49.6 40.4 43.9
AZ-NAS [5] 17 3.0 0.90 79.6 95.8 47.4 65.6 51.0 29.4 55.1 51.2 43.2 46.3
SWAP-NAS [10] 17 3.9 1.08 80.3 96.6 48.4 66.4 51.5 30.1 55.7 51.7 43.6 46.9
Auto-Prox [14] 16 4.0 1.56 79.9 96.7 47.9 65.8 51.2 29.5 55.2 51.3 44.0 46.2
UP-NAS [3] 17 3.8 0.58 79.9 96.8 47.4 66.7 51.5 29.6 54.5 52.0 43.3 46.5
DSS++ [15] 16 4.0 0.99 73.9 90.0 44.1 61.6 47.6 27.2 52.1 47.8 40.1 42.8
AttnNAS [2] 15 3.2 1.15 74.6 90.8 44.8 62.0 47.7 27.8 51.6 48.1 40.2 43.3
ours 17 4.1 1.10 80.9 97.9 49.8 67.1 52.1 30.7 55.7 52.9 44.3 47.6

Transformer

#Param 16 4.3 0.91 77.1 94.0 46.3 64.0 50.3 29.6 53.3 49.7 41.0 44.3
Gradnorm [1] 15 3.0 1.08 74.5 90.4 43.7 62.0 48.0 27.6 51.5 47.9 40.8 42.7
Synflow [12] 15 4.2 1.17 74.8 91.5 45.5 61.8 48.1 27.4 51.7 48.9 40.9 43.4
GraSP [13] 15 3.1 1.22 75.0 91.2 45.0 62.1 47.3 28.0 51.7 48.2 40.9 43.7
Fisher [9] 15 3.6 1.30 74.3 90.3 44.6 61.7 47.4 28.3 51.4 47.8 40.2 42.8
Snip [6] 16 3.4 1.31 75.0 92.1 45.1 62.2 48.6 28.5 52.6 49.0 41.4 44.0
Zen-NAS [8] 16 4.0 1.45 76.2 91.5 45.8 62.8 48.4 28.3 51.5 49.5 40.8 44.5
ZiCo [7] 15 3.8 1.20 74.1 90.1 44.2 61.5 47.6 27.4 51.2 48.0 39.7 43.3
MeCo [4] 16 3.8 0.93 75.7 92.4 45.0 62.8 48.9 28.2 52.2 49.1 40.7 44.3
AZ-NAS [5] 17 3.9 1.65 75.3 92.5 44.6 62.4 49.0 28.5 52.3 48.8 41.3 44.4
SWAP-NAS [10] 16 3.6 0.67 75.6 92.5 44.5 63.0 48.7 28.6 52.5 48.9 40.6 44.3
Auto-Prox [14] 15 3.3 1.00 74.3 90.6 43.7 61.5 48.1 27.3 52.0 47.9 39.6 43.1
UP-NAS [3] 16 3.8 1.26 73.7 90.5 44.9 61.8 47.4 27.5 51.4 47.8 40.7 43.0
AC [11] 16 3.8 0.20 78.4 96.4 47.7 65.1 51.0 28.7 54.0 50.1 42.7 46.1
HI [11] 16 3.7 1.20 79.3 96.1 47.2 65.0 50.6 29.2 54.8 51.1 42.5 46.9
HC [11] 16 4.3 1.65 79.5 96.0 46.4 65.8 50.5 29.4 54.1 51.1 43.3 46.1
DSS++ [15] 16 3.8 1.07 79.9 96.7 47.8 66.3 50.4 29.3 54.8 51.4 43.8 46.6
AttnNAS [2] 16 3.6 1.99 79.6 96.7 48.2 66.4 51.2 29.8 56.0 51.7 42.8 47.0
ours 17 4.1 1.50 80.5 98.2 49.3 67.8 52.2 31.3 56.6 52.5 44.1 47.6

Mamba

#Param 16 4.6 1.61 76.9 93.7 46.7 64.1 50.3 29.0 52.6 50.0 41.5 45.3
Gradnorm [1] 15 4.6 1.14 73.9 90.4 44.7 61.7 47.7 28.2 52.1 47.5 39.5 43.3
Synflow [12] 15 3.7 0.89 74.8 91.3 45.6 62.3 48.2 28.5 52.7 48.5 40.9 43.6
GraSP [13] 15 3.5 1.42 74.4 91.3 44.3 62.8 48.1 27.8 52.3 48.1 40.8 43.6
Fisher [9] 14 3.4 0.98 74.1 90.8 45.1 62.1 48.6 27.7 51.2 48.3 40.0 43.5
Snip [6] 16 4.0 2.07 75.3 92.5 45.7 62.7 49.2 28.2 52.0 48.8 40.3 43.8
Zen-NAS [8] 16 2.8 1.26 76.1 91.1 45.7 63.2 48.8 27.9 52.7 49.5 41.0 44.1
ZiCo [7] 15 3.4 1.43 74.3 90.2 44.0 61.3 48.1 28.1 51.7 48.4 40.5 42.8
MeCo [4] 16 3.4 1.17 75.8 92.2 45.8 63.1 49.3 29.1 52.2 49.1 40.4 44.5
AZ-NAS [5] 16 3.2 1.51 75.7 92.3 45.5 62.2 48.9 28.3 52.0 49.0 41.2 43.7
SWAP-NAS [10] 16 3.9 1.03 75.4 91.9 45.2 63.4 49.3 27.8 52.3 49.2 41.2 43.9
Auto-Prox [14] 15 3.9 1.45 74.4 90.3 44.2 61.1 47.5 27.9 51.2 47.7 39.6 43.2
UP-NAS [3] 15 3.5 0.13 73.8 90.7 44.9 61.2 48.0 27.0 50.8 47.1 40.2 43.4
DSS++ [15] 15 3.6 1.17 77.4 93.7 46.1 63.4 49.3 28.5 53.4 49.8 41.5 45.8
AttnNAS [2] 16 4.2 1.64 78.7 95.1 45.9 65.1 50.0 29.1 53.5 50.6 42.9 45.7
ours 16 3.8 1.05 80.9 97.8 48.1 67.0 51.7 29.7 56.0 52.3 44.4 47.1
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