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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 Mambeas, 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. Ilustration of probing task Local-Global Jigsaw (LGJ).
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Figure 3. Illustration of probing task Rotation Match (RM).

f
g

[ & > ]

search results obtained by our method remain state-of-the- References

art.
[1] Mohamed S Abdelfattah, Abhinav Mehrotra, tF.ukasz

Dudziak, and Nicholas D Lane. Zero-cost proxies for
lightweight nas. arXiv preprint arXiv:2101.08134, 2021. 7

[2] Yi Fan and Yu-Bin Yang. Training-free neural architectural



choose shape

choose color

Figure 4. Ilustration 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.
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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); 48
canvas height (CSB, MF)
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
ol 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
«@ Noisy opacity of masks (OIP) 0.5
m 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
MMirain Number of instances from each class’s training split (VM) 10
Miest 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
Width multiplier
Stem channels

{0.5,0.75, 1.0, 1.1}
{16, 24,32}

{224,192, 160, 128}  Dynamically adjusted for different tasks
Global channel scaling factor
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} x4 Total depth < 12 layers
Expansionratio {3, 4, 6} 1 x 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} x4 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 {438, 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
Scan direction

{Mamba, MLP-mixer, hybrid}
{bidirectional, 4-directional }

Supports architectural diversity
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 (%), mloU (SS), and mloU (MS), respectively. For object detection, we adopt

the Mask R-CNN 3 x MS schedule. Best results in bold.

CL DT SG
Network Method P B L 15 AP AP, AP, AP™ APL, AP [ SS MS
#Param 16 37 067|772 940 |467 646 498 290 533 499 |41.8 449
Gradnorm [1] 16 43 103|785 956 |472 657 501 287 548 507 |41.9 459
Synflow [12] 17 39 140 [785 969 |468 666 512 299 556 512 |42.5 459
GraSP [13] 15 35 142|746 910 |453 619 480 283 516 483 |39.8 43.1
Fisher [9] 15 36 190|752 930 |455 63.1 489 284 523 486 |41.1 439
Snip [6] 16 39 103|752 913 |449 622 484 270 521 484 |412 433
Zen-NAS [8] 16 40 105|759 922 |449 628 477 283 530 498 |412 444
NN ZiCo [7] 16 40 126|757 915 |45.1 627 487 286 513 488 |41.0 44.1
MeCo [4] 16 34 112|751 921 |452 624 487 286 531 49.6 |404 439
AZ-NAS [5] 17 30 090 |79.6 958 |474 656 510 294 551 512 |432 463
SWAP-NAS[I0] | 17 39 108 [803 966 |484 664 515 30. 557 517 |43.6 469
Auto-Prox [14] | 16 40 156 [799 967 |479 658 512 295 552 513 |44.0 462
UP-NAS [3] 17 38 058|799 968 |474 667 515 296 545 520 |433 465
DSS++[15] 16 40 099 [739 900 |441 616 476 272 521 478 |40.1 428
AttnNAS [2] 15 32 115|746 908 |448 620 477 278 516 481 |402 433
ours 17 41 110 [80.9 979 |498 67.1 521 307 557 529 |44.3 47.6
#Param 16 43 091 [77.1 940 [463 640 503 296 533 497 |41.0 443
Gradnorm [1] 15 30 108 |745 904 |437 620 480 276 515 479 |408 427
Synflow [12] 15 42 117 |748 915 |455 618 48.1 274 517 489 |409 434
GraSP [13] 15 3.0 122|750 912 [450 621 473 280 517 482 |409 437
Fisher [9] 15 36 130|743 903 |446 617 474 283 514 478 |402 428
Snip [6] 16 34 131 750 921 |45.1 622 486 285 526 490 |41.4 440
Zen-NAS [8] 16 40 145|762 915 |458 628 484 283 515 495 |40.8 44.5
ZiCo [7] 15 38 120|741 90.1 |442 615 476 274 512 480 |39.7 433
MeCo [4] 16 38 093 757 924 [450 628 489 282 522 49.1 |407 443
Transformer | AZ-NAS [5] 17 39 165|753 925 |446 624 490 285 523 488 |41.3 44.4
SWAP-NAS[I0] | 16 3.6 067 |756 925 |445 630 487 286 525 489 |40.6 443
Auto-Prox [14] | 15 33 100 |743 90.6 |437 615 481 273 520 479 |39.6 43.1
UP-NAS [3] 16 38 126|737 90.5 |449 618 474 275 514 478 |40 43.0
ACTI1] 16 38 020|784 964 |47.7 651 510 287 540  50.1 |42.7 46.1
HI[11] 16 37 120|793 96.1 |472 650 506 292 548 511 |42.5 469
HC[11] 16 43 165|795 960 |464 658 505 294 541 511|433 46.1
DSS++ [15] 16 38 107|799 967 |478 663 504 293 548 514 |438 46.6
AttnNAS [2] 16 36 199 [796 967 |482 664 512 298 560 517 |42.8 47.0
ours 17 41 150 [805 982 |493 678 522 313 566 525 |44l 47.6
#Param 16 46 161 [769 937 [467 641 503 290 526 500 |41.5 453
Gradnorm [1] 15 46 1.14 [739 904 |447 617 477 282 521 475 |39.5 433
Synflow [12] 15 37 089 |748 913 |456 623 482 285 527 485 |409 436
GraSP [13] 15 35 142|744 913 |443 628 48.1 278 523  48.1 |40.8 43.6
Fisher [9] 14 34 098 [741 908 [45.1 621 486 277 512 483 |40.0 435
Snip [6] 16 40 207|753 925 |457 627 492 282 520 488 |403 438
Zen-NAS [8] 16 28 126|761 OL1 |457 632 488 279 527 495 |41.0 44.1
Mamba ZiCo [7] 15 34 143 [743 902 |440 613 481 281 517 484 |40.5 428
MeCo [4] 16 34 117 |758 922 |458 63.1 493 2901 522  49.1 |40.4 445
AZ-NAS [5] 16 32 151757 923 [455 622 489 283 520  49.0 |412 437
SWAP-NAS[I0] | 16 3.9 103 [754 919 [452 634 493 278 523 492 |412 439
Auto-Prox[14] | 15 39 145 [744 903 |442 61.1 475 279 512 477 |39.6 432
UP-NAS [3] 15 35 013|738 907 |449 612 480 270 508  47.1 |402 434
DSS++[15] 15 3.6 117|774 937 |461 634 493 285 534 498 |41.5 458
AttnNAS [2] 16 42 164|787 951 459 651 500 2901 535  50.6 |42.9 457
ours 16 38 105|809 978 [48.1 670 517 297 560 523 |44.4 471
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