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Abstract

In the deep-learning-based computer vision commu-
nity, Neural Architecture Search (NAS) has become the de-
facto tool for acquiring task-optimal network structures.
Nevertheless, NAS methods are trapped in a fundamental
accuracy-efficiency dilemma: training-based approaches
deliver reliable performance but incur prohibitive search
costs, whereas training-free strategies are ultra-fast but of-
ten yield relatively unreliable rankings. To reconcile this
conflict, we propose a vision-oriented lightweight training-
based NAS framework. We first design six micro vision tasks
whose training time is negligible, yet together they probe a
broad spectrum of representational capacities. Built upon
these tasks, we introduce a budget-adaptive performance
evaluator to produce the most accurate ranking attainable
within the limit. Experiments on popular NAS benchmarks
show that our method achieves a ranking correlation higher
than existing methods. Furthermore, we construct a search
space from prevalent neural blocks and run our method at
a cost close to training-free methods; the discovered archi-
tecture surpasses the current state-of-the-art under identi-
cal training recipes. Our codes are available at https:
//github.com/fanyi-plus/tf-nas.

1. Introduction
With the rapid development of deep learning, neural archi-
tectures have come to dominate a wide range of computer-
vision tasks [51]. The task of designing network architec-
tures for different scenarios is becoming increasingly bur-
densome [22, 27, 43]. To free engineers from this drudgery,
Neural Architecture Search (NAS) is proposed [42]. NAS
automates the trial-and-error loop and introduces learning-
based strategies that steer the search toward promising re-
gions of the design space. Nevertheless, conventional NAS
still demands prohibitive amounts of computation and wall-
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clock time [2]. To remove the training cost altogether,
training-free NAS has subsequently emerged [56]. Instead
of fully training each candidate, these approaches score ar-
chitectures at (or close to) random initialization; the score is
called a proxy. A good proxy is strongly correlated with the
true test performance, yet it is obtained after only a handful
of forward/backward passes plus some light-weight statis-
tics on weights, gradients, or intermediate features. Evalu-
ating one proxy therefore takes only seconds, and the entire
search can finish on a single GPU within a few hours. To
emphasise the contrast, earlier NAS methods are now re-
ferred to as training-based NAS.

This dramatic speed-up, however, comes at a price. First,
the ranking accuracy of training-free proxies drops com-
pared with training-based competitors. Some proxies are
heuristics that measure the expressivity or trainability of
an untrained network [17, 34, 45], but the behavior of the
network may change unpredictably after training. Other
proxies are supported by rigorous theory [10, 50, 57], yet
the proofs invariably rely on strong assumptions that of-
ten fail to hold in practice. Empirically, architectures dis-
covered by training-free NAS underperform those found by
training-based methods in the same search space. Second,
training-free proxies are tightly coupled to specific architec-
tural families. As shown in [61], directly applying Convo-
lutional Neural Network (CNN)-oriented proxies to Trans-
former search spaces yields catastrophic results. Several
proxies even require particular layers such as ReLU [39];
without them the proxy cannot be computed. To date, most
training-free methods target either CNNs or Transformers,
while Mamba-like [20] or newly proposed architectures
(e.g., RWKV [15]) have no corresponding proxies. Even
if specialised proxies were designed tomorrow, they would
still be restricted to their respective families, falling short of
a universal solution. NAS therefore seems to be trapped in
a fundamental accuracy-efficiency dilemma: training-based
NAS is accurate and general but prohibitively slow, whereas
training-free NAS is fast but less accurate and highly spe-
cialised.
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To break this dilemma, we draw inspiration from [41],
which proposes an efficient performance predictor based
on a battery of synthetic token-level tasks that probe a
model’s ability to memorise, retrieve, and compress. We
observe, however, that those tasks assume one-dimensional
discrete tokens whose solutions can be guessed from po-
sitional indices—an assumption that is incompatible with
the two-dimensional, geometrically sensitive nature of im-
ages. We therefore redesign six vision-oriented probing
tasks, including Local-Global Jigsaw (LGJ), Occlusion In-
Painting (OIP), Rotation Match (RM), Color-Shape Bind-
ing (CSB), Motion Forecast (MF), and Visual Memoriza-
tion (VM). We aggregate scores across these six tasks to
produce a comprehensive evaluation of candidate networks.
Building upon this, we further observe that Probing Task
Configuration (PTC) significantly influences both evalua-
tion accuracy and computational overhead. Consequently,
given a fixed search-time budget, determining how to pro-
gram PTC to obtain the most accurate possible evaluation
of candidate networks emerges as another question. We fo-
cus on two key PTCs, dataset size D and number of training
epochs E, treating them as independent variables, with the
best online score S on the validation set serving as the de-
pendent variable. A quadratic surface is then fitted to these
observations, and the optimal operating point under the time
budget is found by constrained optimization. Experiments
show that our method attains state-of-the-art ranking cor-
relation and search results under various time consuming
budgets compared to existing training-based and training-
free NAS methods.

Our contributions are summarised as follows:
• We design six vision-specific probing tasks that can esti-

mate model quality without full training.
• We propose a principled method to balance dataset size

and number of epochs under a user-specified time budget,
yielding the best possible proxy score.

• Empirically, our method achieves state-of-the-art ranking
correlation and downstream task performance under vari-
ous time consuming budgets.

2. Related work
Early NAS approaches train thousands of candidate ar-
chitectures from scratch [3, 35, 44, 48], incurring pro-
hibitive GPU costs. Subsequent research mitigates the
burden through weight-sharing super-networks (one-shot
NAS) [13, 21] and differentiable relaxation (DARTS-
family) [36, 54], which amortise training cost and convert
the discrete search into continuous optimisation. Neverthe-
less, a super-network still has to be fully converged, and
the ranking bias introduced by shared weights remains an
open issue [8]. To further boost the quality of the final
model, OFA [4], BigNAS [59] and AttentiveNAS [53] in-
troduce progressive shrinking, the sandwich rule or Pareto-

sampling for additional re-training and multi-objective re-
finement. All of these methods, however, still follow the
“train-validate-retrain” paradigm; when the dataset or the
deployment constraint changes, the entire pipeline has to
be repeated, leading to considerable human and computa-
tional expense. To completely eliminate training, recent
studies advocate “zero-cost proxies” that estimate the po-
tential of a randomly-initialized network. Parameter-level
proxies such as Synflow [49], SNIP [32], and GraSP [52]
sum the saliency scores borrowed from pruning literature;
gradient/activation-level proxies such as Gradnorm [1],
Fisher [37], and Jacobian determinant [39] quantify train-
ability or expressivity using statistics collected from a single
forward-backward pass. Other training-free NAS methods
leverage different criteria to assess network performance,
such as the nuclear norm of specific matrices related to
the network’s state and input dynamics [17, 45]. While
training-free NAS methods have shown promise in CNNs
and Transformers, their application to Mamba networks re-
mains underexplored. More notably, existing training-free
NAS methods still face a pronounced trade-off between
generality and accuracy.

3. Method
3.1. Evaluation of vision models
In this subsection, we first describe the six probing tasks
for evaluating vision models, and then introduce the com-
plete pipeline for the evaluation. For ease of understanding,
we provide illustrations of each probing task and the entire
evaluation process for a candidate network in Section A of
the Supplementary Material.

3.1.1. Local-global jigsaw
A foundational principle in visual recognition is the inte-
gration of local fragments into a global whole [23]. To in-
stantiate this, we design a task that partitions a fixed-size
image into several patches, randomly shuffles their spatial
order, and requires the model to output the correct permu-
tation indices. Owing to the spatial continuity and seman-
tic co-occurrence statistics of natural images, texture, color,
and shape cues at patch edges provide alignment signals of
varying strength, and the model that can capture these long-
range dependencies will efficiently locate the unique solu-
tion in permutation space.

To construct the dataset, we sample images from
ImageNet-1K. For each sample, we first resize it to a uni-
form resolution of h × w via bilinear interpolation, then
divide the image into patches of size hp × wp. If hp does
not divide h or wp does not divide w, we pad the edges us-
ing mirror padding along the corresponding dimension. The
number of patches is thus p = ⌈h/hp⌉⌈w/wp⌉. We stack
all patches along a new dimension, shuffle them, and obtain
a tensor of shape p×hp×wp that serves as the model input



x. The model output y is required to be a vector of length
p, where the i-th element denotes the original position of
patch xi in the source image.

Regarding the evaluation metric, we consider two as-
pects. First, using raw accuracy may overlook the model’s
sensitivity to local adjacency relationships. We therefore
employ average error distance—the mean Euclidean dis-
tance between predicted patch locations and ground-truth
locations. Second, some image regions may be intrinsically
indistinguishable: for example, two patches that both con-
tain only pure sky blue lack distinguishing features, and pe-
nalizing the model for failing to differentiate them is unrea-
sonable. Consequently, we also compute the cosine similar-
ity between the predicted patch and its ground-truth coun-
terpart; if the similarity exceeds a threshold γ, the pair is
deemed indistinguishable and excluded from the error cal-
culation. The final per-sample metric is

ScoreLGJ =

∑p
i=1 1c(xi,xg(i))<γ ∥P (g (i))− P (yi)∥2∑p

i=1 1c(xi,xg(i))<γ

,

(1)
where g(i) denotes the original position index of the i-th
patch after shuffling, c(·, ·) is the cosine similarity function,
and P(·) maps a patch index to its two-dimensional coordi-
nates.

3.1.2. Occlusion in-painting
Real-world objects are frequently occluded by railings, text
overlays, or sensor noise, compelling visual systems to
make plausible inferences within information voids [28].
We therefore design a task that places a black mask of ran-
dom size in an image, blends in an extraneous image patch
as noisy occlusion, and asks the model to regress the origi-
nal pixel values of the masked region.

To construct the dataset, we sample images from
ImageNet-1K and resize them to h × w via the same pro-
cedure described in Sec. 3.1.1. We then randomly select
a mask height oh from [oh min, oh max] and a mask width
ow from [ow min, ow max]. A rectangular region M of size
oh×ow is chosen in the image and its pixel values are set to
zero. Simultaneously, we extract a patch of size oh × ow
from another randomly selected image, paste it into the
mask region, and set its opacity to α to simulate noisy inter-
ference. The resulting image x serves as the model input;
we require the model output y to approximate the original
h× w image as closely as possible.

In many generative vision tasks, the loss function typi-
cally avoids L2 to prevent inflated scores caused by blurry
averaging, with perceptual metrics from pre-trained models
often used as alternatives [9]. We argue, however, that pre-
trained models introduce substantial biases and are there-
fore unsuitable for inclusion in our probing tasks. Conse-
quently, we retain the L2 loss and additionally introduce

a variance-penalty term to encourage the variance of the
model-generated image to match that of the original. The
final per-sample metric is

ScoreOIP = ∥y − o∥2 + µ |std (y)− std (o)| , (2)

where o denotes the tensor corresponding to the occluded
region, std(·) computes the standard deviation, and µ is a
manually specified hyperparameter.

3.1.3. Rotation match
Geometric invariance represents a fundamental hard re-
quirement for visual systems [30]. In this task, we simul-
taneously present the model with an original image and a
randomly rotated version, requiring it to output the rota-
tion angle. Unlike the jigsaw task which focuses on spatial
ordering, this examines directional equivariance—whether
the network can decouple geometric transformations from
content itself.

The dataset is also sourced from ImageNet-1K, but here
no resolution adjustment is necessary. Because rotating an
image by an arbitrary angle causes some pixels to fall out-
side the boundaries while introducing external regions into
the image interior, we designate the valid sample region as
circular. Specifically, we first extract a square region S of
side length h from the original image using the method de-
scribed in OIP. We then inscribe the largest possible circular
mask C within S; clearly, C is centered at the square’s cen-
ter with radius h/2. To eliminate the shortcut that “image
content inherently possesses an upward orientation” and to
better assess the model’s geometric equivariance capabil-
ity, we also rotate the original image. We randomly select
two angles θ1 and θ2 from [0◦, 360◦) and rotate C counter-
clockwise about its center by θ1 and θ2 to obtain x1 and x2,
which serve as the pre- and post-rotation images, respec-
tively. During rotation, for each pixel in the target image we
compute its corresponding coordinates in the source image;
since these coordinates may not be integers, we again use
bilinear interpolation to determine their pixel values. After
obtaining x1 and x2, we concatenate them along the width
dimension to produce x, which serves as the model input.
The model’s output y is required to predict the rotation an-
gle.

It should be noted that due to the periodicity of angu-
lar values, directly regressing the angle and using the dis-
tance between predicted and ground-truth values as a loss
is problematic. For instance, when an image is rotated
counterclockwise by 359◦, a model output of 0◦ would in-
cur a large loss despite being highly accurate. To address
this, we map angle values onto the unit circle. Specifi-
cally, we map the ground-truth angle θg to a point θ̂g =
(cos θg, sin θg) on the unit circle in R2, and similarly nor-
malize the model output y = (y1, y2) to the unit circle, i.e.,
ŷ =

(
y1/

√
y21 + y22 , y2/

√
y21 + y22

)
. The evaluation met-



ric is then the Euclidean distance between ŷ and θ̂g:

ScoreRM =
∥∥∥ŷ − θ̂g

∥∥∥
2
. (3)

3.1.4. Color-shape binding
In many visual scenes, the system must not only recognize
object attributes but also correctly bind them to the corre-
sponding objects [7]. To this end, we present the model
with two simple geometric shapes, each painted a distinct
color, and require it to output the correct binding between
color and shape class.

Unlike previous tasks, here we eschew natural images
and instead generate a minimalist geometric world pro-
grammatically. Specifically, on an h × w canvas we ran-
domly place two simple shapes (e.g., circles, rectangles, or
triangles) and assign each a unique color. To prevent over-
lap, we conduct collision detection during placement, en-
suring the Intersection-over-Union (IoU) of the two objects
is zero. Moreover, to block texture shortcuts, all shapes are
filled with solid colors and the background is set to a uni-
form gray level. This rendered image serves as the model
input x. Let c1 denote the number of shape categories and
c2 the number of colors, yielding c1c2 possible color-shape
combinations. The task thus becomes a c1c2-class classi-
fication problem, and we require the model to output the
correct class y.

The evaluation metric for this task is binary, taking val-
ues of 1 or 0. A correct classification receives a score of 1,
otherwise 0:

ScoreCSB = 1y=yg
, (4)

where yg is the ground-truth color-shape binding. We de-
liberately avoid intermediate scores (e.g., assigning 0.5 for
partially correct predictions) because the task emphasizes
simultaneous recognition and binding of both attributes;
from its perspective, a network that can identify only par-
tial attributes is no better than one that is entirely non-
functional.

3.1.5. Motion forecast
For dynamic vision tasks such as video tracking and au-
tonomous driving motion estimation, models are required
not only to perceive the present but also to forecast future
states [16]. To this end, we simulate the elastic bouncing
of a white ball on a black background; after being shown a
sequence of preceding frames, the model must predict the
ball’s center coordinates in the subsequent frame. Owing to
the ball’s initial velocity, boundary elasticity, and external
force fields, this task demands that the network possess the
capacity to model low- or high-order dynamics.

This task likewise eschews real-world data, instead gen-
erating trajectories programmatically. Specifically, on a
black canvas of size h × w, we randomly initialize the po-
sition and velocity of a white ball, randomly set the bound-
ary’s elastic coefficient, and prescribe a gravitational field

for the system. A physics engine is then employed to sim-
ulate the ball’s bouncing motion on the canvas, producing a
sequence of consecutive frames. As the generation pipeline
can be fully implemented in PyTorch, we omit a detailed de-
scription for brevity. Let each trajectory comprise T frames.
The model input x is the image sequence of the first T − 1
frames, which is a tensor of shape (T − 1) × h × w, and
we require the model to output the two-dimensional coordi-
nates y of the ball’s center in the T -th frame.

The evaluation metric for this task can naturally be the
L2 error:

ScoreMF =
∥∥y − yg

∥∥
2
, (5)

where yg denotes the ground-truth ball center coordinates.

3.1.6. Visual memorization
Long-tail distributions are the norm in real-world vision
deployments: rare categories often contain only a hand-
ful of samples, yet models must still memorize them ac-
curately [63]. This task therefore quantifies the resulting
memory-generalization trade-off via an extreme few-shot
regime.

Specifically, we randomly draw k classes from
ImageNet-1K and sample mtrain and mtest instances from
each class’s training and test splits, respectively, forming a
k-class classification task. Here mtrain is set to a very small
number, typically on the order of 102 or fewer, to simulate
a few-shot learning scenario. To reduce evaluation over-
head, mtest is also kept small. The first phase excludes any
data augmentation to isolate bare memorization capacity;
the second phase then permits standard augmentation to ob-
serve the improvement in generalization.

Test accuracy is the conventional metric for classifica-
tion. However, for such few-shot tasks we especially wish
to penalize overfitting: a severely overfitted model that
achieves excellent training accuracy may still obtain an ac-
ceptable test score, yet such a model would likely fail in
practical deployment. We therefore incorporate the gap be-
tween training and test accuracy as an overfitting penalty.
The evaluation metric is

ScoreVM =ptest − (ptrain − ptest)

=2ptest − ptrain,
(6)

where ptrain and ptest denote accuracy on the training and test
datasets, respectively.

3.1.7. The calculation of score
The scoring formulas above except Eq. (6) produce per-
sample scores. During evaluation we compute the mean
over a batch of samples to obtain the final score for each
task. After acquiring the six task-specific scores, we com-
pute an overall score, S. We observe that the scales differ
across tasks and that higher scores are better for CSB and
VM, whereas lower scores are better for the remaining four



tasks. We therefore normalize each task score to a common
range and direction via subtracting the mean, dividing by
the standard deviation, and taking the negative of LGJ, OIP,
RM, and MF. Then we sum them to produce the final score
that guides architecture selection.

Overall, our probing tasks rely solely on the ImageNet-
1K dataset; no additional datasets, models, or manual anno-
tations are required. Moreover, the tasks are intentionally
simple: in OIP we restrict occlusions to rectangular masks,
and in CSB we render only two planar shapes. This design
enables promising architectures to demonstrate learning ca-
pability after minimal training, thereby distinguishing can-
didate networks with low computational overhead.

3.2. Model evaluation at the designated time

In the preceding subsection we present a method for effi-
ciently evaluating a candidate network. However, as noted
in Sec. 1, the PTC can substantially affect both the accu-
racy of evaluation and its time cost. Two critical variables
influencing PTC are dataset size D and training epochs E.
While larger D and E generally yield more accurate eval-
uations, they also increase time cost. Consequently, under
a limited budget Tmax, the question of how to allocate D
and E to obtain the most accurate evaluation in the shortest
time becomes paramount. Here we propose an automated
protocol based on continuous response-surface approxima-
tion that treats both dataset size and number of epochs as
differentiable resources, obtaining via closed-form saddle-
point solution the configuration that maximizes per-unit-
time gain.

We first consider a formal framework. Let the best on-
line score S on the validation set be an unknown function
S (D,E) of dataset size D and epochs E. Given a total time
budget Tmax, the per-sample acquisition time td and per-
parameter-update time te can be pre-calibrated via low-cost
probe experiments. The total time cost thus obeys the linear
constraint D · td + E · te ≤ Tmax. The objective is to find
the (D,E) pair within this half-plane that maximizes S. In-
spired by scaling-law studies for language models [25], we
can assume that S is twice differentiable in the region of in-
terest, and then approximate it with a low-order polynomial,
reducing the number of measurements to a handful.

Specifically, we adopt the quadratic response surface
Ŝ (D,E) = β0 + β1D + β2E + β3D

2 + β4E
2 + β5DE

as a local surrogate model. Estimating the coefficients
β0 ∼ β5 requires at least five anchor points. We use a
Latin hypercube design to uniformly place (Dlow, Elow),
(Dhigh, Elow), (Dlow, Ehigh), (Dhigh, Ehigh), and the center
point (Dmid, Emid) within the budget ellipse. The maxima
Dmax and Emax are back-calculated from Tmax as Dmax =
Tmax/ (2td) and Emax = Tmax/ (2te), ensuring all anchors
strictly lie within the feasible region. For each anchor, we
perform three independent training runs and take the me-

dian as the response value to suppress variance due to ran-
dom seeds. With the five tuples (Di, Ei, Si), we solve for
β0 ∼ β5 via weighted least squares, yielding an analytical
surface. Next, by setting partial derivatives to zero, we ob-
tain the zero-gradient point of Ŝ: β1 + 2β3D + β5E = 0
and β2 + 2β4E + β5D = 0. Solving this linear system
yields the candidate saddle point (Dsaddle, Esaddle). If this
point lies within the budget ellipse, it is adopted directly; if
it falls outside, we invoke the Lagrange multiplier method
to find the extremum on the boundary D ·td+E ·te = Tmax,
obtaining the closed-form solution

D∗ =
2β4(Tmax − β5Dsaddlete)− β5tdβ2

∆
, (7)

E∗ =
Tmax −D∗td

te
, (8)

where ∆ = 4β3β4tdte − β2
5tdte. This analytic solution

avoids numerical iteration and completes in milliseconds,
ensuring the entire decision loop remains within human-
acceptable interaction latency.

The reliability of the surface approximation is assessed
via lack-of-fit at the center point. If the relative error ex-
ceeds a preset threshold, we collect four additional sub-
anchors around the saddle point, merge them with the exist-
ing data, and refit. This adaptive refinement step typically
completes in one round, with the total number of anchor
points never exceeding nine, thereby strictly bounding the
total GPU time within Tmax. Through this process, we ob-
tain the optimal D and E that maximize utilization of the
prescribed time budget.

3.3. Overall search process
Integrating the two subsections above yields the complete
model architecture search procedure. First, a total time bud-
get Tmax,all and a suitable search space must be specified.
Based on the search space size, the number of candidate
networks n is then determined empirically; experience sug-
gests that n = 500 ∼ 1000 is reasonable when the search
space is on the order of 103 [18, 34]. The time budget for
each candidate follows as Tmax = Tmax,all/n, and the opti-
mal data amount D∗

i and training epochs E∗
i for each can-

didate are obtained via the method in Sec. 3.2. We then
sample n distinct architectures from the search space, com-
pute their scores S using the method in Sec. 3.1, and select
the highest-scoring network as the final result.

In practical scenarios where the search result must
meet specific resource constraints (e.g., parameter num-
ber, FLOPs, or inference latency), we compute the rele-
vant costs for each sampled network and discard any that
violate the constraints, resampling until a sufficient number
of compliant candidates is obtained. Furthermore, our ap-
proach is compatible with more sophisticated search strate-



Table 1. Ranking correlation of various training-free NAS methods. Best results in bold.

dataset NAS-Bench-101 NAS-Bench-201 NATS-Bench NAS-Bench-301

top-k all 20% 10% 5% all 20% 10% 5% all 20% 10% 5% all 20% 10% 5%

#Param 80.73 61.58 68.49 52.00 79.76 64.53 52.65 58.67 81.18 60.65 49.22 50.00 76.77 52.57 54.94 53.33
Gradnorm [1] 78.18 51.88 49.39 43.33 76.36 63.03 61.47 30.00 77.39 54.71 46.94 26.67 77.89 49.98 52.65 47.33
Synflow [49] 77.20 44.81 50.04 58.00 78.40 43.96 51.18 56.00 75.79 56.00 52.98 29.33 73.16 49.41 43.67 26.67
GraSP [52] 76.58 51.03 44.16 37.33 77.29 47.15 41.39 52.00 74.02 48.97 36.49 36.67 72.35 32.32 56.41 52.00
Fisher [37] 72.71 45.66 43.02 29.33 72.23 49.98 47.92 45.33 73.14 40.32 56.24 54.00 72.68 36.40 36.49 48.00
Snip [32] 76.91 49.45 39.76 20.00 76.23 55.64 54.29 64.67 77.47 40.08 51.18 44.00 74.79 52.85 44.82 30.67
Zen-NAS [34] 84.83 63.56 73.55 68.00 84.34 65.66 67.67 55.33 83.39 65.90 59.35 72.67 80.85 57.17 59.35 62.00
ZiCo [33] 83.28 66.95 62.45 73.33 84.38 66.59 57.55 52.67 82.78 63.43 58.20 34.67 79.23 56.04 41.22 61.33
MeCo [29] 84.71 58.10 52.65 52.67 83.89 60.48 55.43 60.00 83.22 62.42 62.61 52.00 79.18 56.65 49.39 51.33
AZ-NAS [31] 85.12 60.48 34.37 16.00 83.28 58.99 56.57 60.00 82.89 55.68 50.86 67.33 81.90 64.53 58.04 49.33
SWAP-NAS [40] 79.92 58.51 46.29 46.00 78.83 58.55 48.57 28.67 77.63 50.59 50.53 39.33 76.51 49.05 23.76 32.00
Auto-Prox [55] 80.82 60.57 66.37 48.67 80.88 56.97 44.82 42.67 80.30 61.66 66.20 51.33 76.49 49.78 36.00 47.33
UP-NAS [26] 82.37 58.59 51.18 61.33 83.46 64.65 58.20 50.67 82.32 55.88 60.49 52.67 78.70 54.75 47.76 69.33
DSS++ [61] 67.25 44.73 40.41 19.33 70.57 43.07 27.84 28.00 71.06 40.89 36.16 38.00 67.13 39.68 43.02 41.33
AttnNAS [17] 58.36 22.91 23.76 34.67 57.10 27.92 27.35 10.00 57.28 37.90 31.10 12.67 53.26 23.19 19.51 11.33
ours 92.10 78.51 75.51 79.33 93.31 81.33 76.82 64.00 89.27 76.32 68.82 63.33 86.00 68.12 56.90 44.00

dataset ViT-Bench-101-A ViT-Bench-101-P Vim VMamba

top-k all 20% 10% 5% all 20% 10% 5% all 20% 10% 5% all 20% 10% 5%

#Param 59.87 36.12 25.55 29.33 58.89 37.41 36.65 29.33 50.47 23.39 12.00 15.33 49.47 18.71 24.57 2.67
Gradnorm [1] 47.03 44.18 30.90 32.00 47.23 47.90 32.20 30.67 49.42 33.72 40.69 35.33 42.79 31.33 46.57 46.67
Synflow [49] 18.06 17.98 27.18 25.33 8.73 17.62 23.43 17.33 12.13 2.14 22.61 19.33 15.48 6.71 23.59 18.00
GraSP [52] 19.57 10.14 19.51 4.67 14.38 6.99 2.04 5.33 13.71 2.71 8.08 33.33 22.02 7.76 19.18 5.33
Fisher [37] 13.57 2.30 4.33 5.33 14.91 8.24 18.20 10.00 16.63 11.92 14.29 4.00 17.17 18.14 6.61 17.33
Snip [32] 21.01 9.74 31.10 16.67 19.55 16.93 16.73 7.33 19.85 6.30 6.12 16.00 17.87 0.81 7.10 16.00
Zen-NAS [34] 20.21 18.18 31.76 8.00 27.70 12.00 17.22 27.33 18.97 4.69 3.18 7.33 20.02 22.22 22.29 28.00
ZiCo [33] 20.75 18.06 17.71 28.67 21.58 4.81 12.98 20.67 21.30 10.38 17.39 11.33 20.86 22.10 16.90 27.33
MeCo [29] 27.95 0.24 4.65 9.33 26.54 14.67 13.96 8.00 24.28 11.19 2.37 4.00 25.66 28.48 12.33 18.00
AZ-NAS [31] 31.34 10.26 15.43 25.33 23.84 8.93 10.69 13.33 22.48 9.62 4.33 10.67 22.89 16.61 24.24 8.00
SWAP-NAS [40] 21.76 10.18 0.41 22.00 19.50 8.32 10.69 6.67 18.23 7.88 4.33 32.67 19.00 12.12 3.02 8.00
Auto-Prox [55] 20.38 9.09 4.33 5.33 21.03 2.55 0.08 21.33 20.04 15.88 7.27 15.33 19.72 18.95 19.35 10.67
UP-NAS [26] 19.21 14.99 6.45 0.00 20.04 20.81 20.65 4.00 29.22 1.70 13.47 10.00 23.72 15.64 2.20 15.33
AC [45] 69.62 48.20 42.86 23.33 64.55 41.82 38.12 17.33 - - - - - - - -
HI [45] 78.53 53.45 38.12 37.33 74.66 43.52 40.24 43.33 - - - - - - - -
HC [45] 81.14 49.66 52.49 51.33 78.41 55.15 45.96 57.33 - - - - - - - -
DSS++ [61] 80.35 60.36 64.57 68.00 76.86 61.01 50.04 34.00 29.28 4.28 2.04 24.00 28.14 17.41 7.27 24.67
AttnNAS [17] 65.83 40.97 25.88 34.67 62.74 26.71 15.92 11.33 28.71 11.72 10.37 42.00 24.80 21.05 10.69 0.67
ours 86.38 69.13 64.24 80.67 80.71 61.82 57.22 38.67 86.48 64.40 62.78 56.00 87.15 61.05 53.31 64.67

gies such as evolutionary algorithms [61] or Bayesian op-
timization [5], which begin with a small initial sample and
use the resulting scores to guide subsequent sampling.

4. Experiments
To verify the effectiveness of our method, we first com-
pare the ranking correlation with existing training-free NAS
methods, and then benchmark the search results. To demon-
strate generality, all experiments are conducted on multiple
network families. We provide all hyperparameter values we
use in our experiments in Section B of the Supplementary
Material.

4.1. Ranking correlation
CNN, Transformer and Mamba are three classic families
widely used in vision tasks. We therefore compare the rank-
ing correlation of existing training-free NAS methods on all
three. To obtain the correlation, one should first fix a search
space, uniformly samples candidate networks, trains and
tests them to obtain ground-truth performace (top-1 accu-
racy in image classification), and finally computes the cor-

relation between the proposed proxy and the performace.
To benchmark competitors, we repeat the same procedure
with their proxies.

For CNNs we adopt the four public benchmarks, NAS-
Bench-101 [58], NAS-Bench-201 [12], NATS-Bench [14]
and NAS-Bench-301 [46], which already contain the
ground-truth accuracies, saving us from re-training and
guaranteeing fairness. For Transformers we use ViT-Bench-
101 [55] about AutoFormer [6] and ViT-Bench-101 about
PiT [24] (ViT-Bench-101-A and ViT-Bench-101-P in short
respectively) in the same way. Unfortunately, no public
NAS benchmark exists for Mamba; we therefore hand-craft
two spaces for Vim [62] and VMamba [38], sample 500 ar-
chitectures from each, train them from scratch and record
the best validation performace.

We use Kendall-τ as the correlation metric. Following
prior work [11, 60], we also report correlations restricted to
the top-20%, top-10% and top-5% highest-performace net-
works, since the correct ordering among good architectures
is often more important than that among poor ones. The
results are given in Tab. 1. We note that AC, HI, and HC



Table 2. Search results of various training-based NAS methods. S, P, F, L, T-1, T-5, SS, MS are abbreviations for search time (GPU hours),
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. In our method, the labels S (short), M (median), and L (long) correspond to
search times of 1, 2, and 3 GPU hours, respectively. Best results in bold.

Network Method S P F L CL DT SG
T-1 T-5 APb APb

50 APb
75 APm APm

50 APm
75 SS MS

CNN

MOTE-NAS [60] 3.1 16 3.8 1.27 77.2 94.1 46.3 64.2 49.7 28.8 53.6 50.0 41.8 45.0
QuantNAS [19] 17 16 3.4 1.60 79.3 96.1 47.6 65.8 50.6 29.7 55.0 50.9 42.0 45.7
RobustDNAS [47] 179 16 4.0 1.40 79.1 96.5 47.6 65.9 51.4 29.5 55.5 51.1 43.7 46.1
AttentiveNAS [53] 420 15 3.5 1.18 75.2 91.0 44.5 62.1 48.6 28.8 51.6 48.4 40.5 43.0
OFA [4] 27 15 3.4 1.08 75.3 92.3 45.6 62.5 48.3 28.8 52.7 48.6 40.9 44.5
ours (S) 1 17 3.8 1.14 78.7 96.7 47.5 66.4 52.0 30.3 55.4 51.3 42.7 47.3
ours (M) 2 16 4.1 1.42 80.2 97.3 49.1 66.2 51.3 29.4 55.1 52.4 43.8 47.3
ours (L) 3 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

MOTE-NAS [60] 3.3 16 3.8 1.73 77.0 94.0 46.2 64.5 50.0 28.7 53.5 49.9 41.4 44.7
QuantNAS [19] 18.2 17 4.2 1.16 78.7 95.6 47.7 65.5 51.0 29.7 54.5 50.6 42.5 46.0
RobustDNAS [47] 190 16 3.7 1.63 79.2 96.9 46.6 66.1 52.0 29.6 54.9 51.4 43.2 46.5
AttentiveNAS [53] 453 15 4.1 0.37 74.3 91.2 44.8 61.6 48.6 27.7 51.6 48.5 40.5 43.5
OFA [4] 31 16 3.2 0.88 75.5 92.8 45.4 63.4 49.2 28.1 52.4 49.1 41.3 43.8
ours (S) 1 17 4.2 1.05 79.2 97.2 47.9 65.9 51.3 28.9 55.1 50.9 43.4 46.2
ours (M) 2 16 4.6 0.86 80.3 97.4 48.1 67.2 51.6 30.6 55.9 52.4 44.0 47.6
ours (L) 3 17 4.4 1.25 80.5 98.2 49.3 67.8 52.2 31.3 56.6 52.5 44.1 47.6

Mamba

MOTE-NAS [60] 3.0 16 3.8 1.01 77.8 93.8 45.9 64.1 49.4 28.4 53.7 49.5 41.7 45.2
QuantNAS [19] 18.1 16 4.0 2.20 78.5 95.9 47.4 65.5 50.8 29.7 54.9 51.4 42.4 46.4
RobustDNAS [47] 209 17 3.9 1.49 78.8 95.8 47.3 65.9 51.9 29.7 54.9 51.8 43.1 46.2
AttentiveNAS [53] 437 15 3.5 1.49 74.7 91.0 44.9 61.4 48.9 28.2 52.2 49.0 40.7 43.6
OFA [4] 32 15 4.2 0.56 75.7 91.5 45.1 63.5 48.1 28.1 52.7 49.5 41.7 43.5
ours (S) 1 17 4.1 1.20 80.1 97.0 47.7 66.3 50.9 29.2 55.4 51.0 43.4 46.5
ours (M) 2 16 4.6 1.67 80.2 97.6 47.9 67.3 51.8 29.1 56.0 52.6 43.1 46.9
ours (L) 3 17 3.7 0.68 80.8 98.0 48.1 67.5 52.5 30.5 56.0 52.8 44.2 47.2

require attention maps in their proxy computation, which
are tensors unique to Transformers; therefore, we only re-
port their results on ViT-Bench-101-A and ViT-Bench-101-
P. Across the eight spaces our method consistently yields
the highest Kendall-τ . Competitor training-free NAS meth-
ods not only trail almost behind in their native family, but
collapse almost to zero when transferred to other families.
For example, GraSP is a CNN-oriented method; therefore,
it performs well on the four CNN-based benchmarks, while
performing poorly on the other four benchmarks. This con-
firms that our method generalises well across CNNs, Trans-
formers and Mambas.

We emphasise that training-based NAS methods are
excluded from the correlation study. All contempo-
rary training-based methods embed candidates in a super-
network or allocate disproportionate training budget to
promising candidates, so at any given search step different
architectures have been trained for different lengths of time.
Their intermediate accuracies are therefore not comparable
and cannot be used to compute a meaningful ranking corre-
lation; we compare with these methods only at the perfor-
mace of the search results in the next subsection.

4.2. Performance of search results
In this subsection we modify the previous search spaces
to create one large space for CNNs, one for Transformers,
and one for Mamba. We describe the search space in de-
tail in Section C of the Supplementary Material. We then

perform search in each space. To verify performance un-
der different time budgets, we run search with three dis-
tinct budgets—1, 2 and 3 GPU hours—in every space. The
number of candidates is 500, and we also constrain the
model’s parameter number to no more than 17 M. The
search results are trained from scratch and tested on three
vision tasks—image CLassification (CL), object DeTection
(DT), and semantic SeGmentation (SG)—and compared
with multiple training-based NAS methods.

Table 2 shows the comparison with training-based NAS
methods. Our method matches or surpasses all training-
based NAS methods while using far less search time,
demonstrating that it can obtain excellent search results
with low time cost. Compared to the latest training-free
NAS methods, our method still demonstrates excellent per-
formance. The detailed results are presented in Section D
of the Supplementary Material. So across multiple network
families and time budgets, our method consistently achieves
better results than existing NAS methods on several vision
tasks, illustrating its strong effectiveness and generality.

4.3. Ablation study
Task-set completeness. To verify whether all six pro-
posed tasks are necessary, we exhaustively evaluate every
non-empty subset of tasks on NAS-Bench-301. Following
the method in Sec. 4.1, we compute the Kendall-τ between
proxy scores and ground-truth accuracies while keeping the
total time budget identical for all subsets. Figure 1 sum-
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Figure 1. Ranking correlation of combining tasks.

Table 3. Top-1 accuracy of search results on CL using different
PTCs under the time budget 1 GPU hour.

Variable D E D & E

CNN 77.5 77.3 78.7
Transformer 78.0 77.2 79.2
Mamba 78.3 78.5 80.1

marises the results: ranking correlation monotonically in-
creases with the number of tasks, and no subset of 1∼5 tasks
ever reaches the correlation obtained with the full six-task
combination. According to our method, when fewer tasks
are used, the dataset or the number of epochs will be en-
larged to reach the time budget; nevertheless, the correlation
still lags behind, indicating that the additional data/episodes
cannot substitute for the missing task diversity. This obser-
vation confirms that the six tasks are complementary and
that each contributes unique information to the final proxy.

Dual-variable optimality. Section 3.2 introduces a
quadratic-surface model that treats dataset size D and train-
ing epochs E as joint variables to maximise proxy quality
under a time constraint. To justify the effects of both vari-
ables, we conduct an ablation that freezes one variable and
optimises the other via a one-dimensional quadratic fit. We
conduct the search process again on three search space used
in Sec. 4.2 under the time budget 1 GPU hour, and then
train the search results on CL and test their top-1 accuracy.
As shown in Tab. 3, the single-variable settings consistently
underperform the dual-variable regime, demonstrating that
both D and E exert significant, non-redundant influence on
the proxy reliability and that omitting either variable de-
grades the final ranking quality.

4.4. Discussion
The results of one-dimensional probing task to vision
models. To substantiate our claim that the six probing

Table 4. Ranking correlation on NAS-Bench-301 using the one-
dimensional probing tasks in [41]. NB-301 and VB-101-A are
abbreviations for NAS-Bench-301 and ViT-Bench-101-A respec-
tively.

top-k all 20% 10% 5%

NB-301 24.68 20.40 24.08 4.67
VB-101-A 68.81 46.91 40.90 40.00
VMamba 23.14 7.96 4.98 11.33

Table 5. Ranking correlation with and without averaging evalu-
ation results on several LR/WD combinations. NB-301 and VB-
101-A are abbreviations for NAS-Bench-301 and ViT-Bench-101-
A respectively.

Benchmark NB-301 VB-101-A VMamba

w/o LR/WD 86.00 86.38 87.15
w/ LR/WD 85.91 86.72 85.99

tasks proposed in [41] are ill-suited for vision models, we
replace our tasks with theirs and repeat the experiment
on NAS-Bench-301, ViT-Bench-101-A and VMamba un-
der exactly configuration in Sec. 4.1. As shown in Tab. 4,
the resulting Kendall-τ is markedly lower than that obtained
with our tasks, corroborating our analytical arguments.

Sensitivity to learning-rate and weight-decay schedul-
ing. In our probing tasks we keep Learning Rate (LR)
and Weight Decay (WD) fixed. By contrast, [41] aver-
ages scores of each task obtained with several (learning-
rate, weight-decay) tuples. To see whether such a multi-
schedule strategy benefits our method, we replicate the ex-
periments in 4.1 on on NAS-Bench-301, ViT-Bench-101-A
and VMamba, while sampling three LR/WD combinations
per candidate and averaging the scores. Table 5 shows no
statistically significant gain in final architecture quality; be-
cause the multi-schedule variant multiplies evaluation time
by the same factor, we conclude that it is unnecessary for
our proxy design.

5. Conclusion
We propose a lightweight NAS method tailored for vision
models. Six deliberately engineered vision tasks serve as
rapid proxies for architectural quality. Built upon these
proxies, we further introduce a time-budget-aware perfor-
mance estimator that adaptively allocates data and epochs
to maximise ranking fidelity within any user-specified dead-
line. Experiments on several NAS benchmarks and search
space demonstrate that our method achieves markedly
higher ranking correlation and better search results. In the
future we will explore automatic re-weighting of the six
tasks according to the target visual application.
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