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Abstract

In this paper, we present SasWOT, the first training-free Se-
mantic segmentation Architecture Search (SAS) framework
via an auto-discovery proxy. Semantic segmentation is widely
used in many real-time applications. For fast inference and
memory efficiency, Previous SAS seeks the optimal seg-
menter by differentiable or RL Search. However, the signif-
icant computational costs of these training-based SAS limit
their practical usage. To improve the search efficiency, we
explore the training-free route but empirically observe that
the existing zero-cost proxies designed on the classification
task are sub-optimal on the segmentation benchmark. To ad-
dress this challenge, we develop a customized proxy search
framework for SAS tasks to augment its predictive capabil-
ities. Specifically, we design the proxy search space based
on the some observations: (1) different inputs of segmenter
statistics can be well combined; (2) some basic operators can
effectively improve the correlation. Thus, we build computa-
tional graphs with multiple statistics as inputs and different
advanced basis arithmetic as the primary operations to rep-
resent candidate proxies. Then, we employ an evolutionary
algorithm to crossover and mutate the superior candidates in
the population based on correlation evaluation. Finally, based
on the searched proxy, we perform the segmenter search with-
out candidate training. In this way, SasWOT not only enables
automated proxy optimization for SAS tasks but also achieves
significant search acceleration before the retrain stage. Exten-
sive experiments on Cityscapes and CamVid datasets demon-
strate that SasWOT achieves superior trade-off between accu-
racy and speed over several state-of-the-art techniques. More
remarkably, on Cityscapes dataset, SasWOT achieves the per-
formance of 71.3% mloU with the speed of 162 FPS.

Introduction

Semantic segmentation predicts pixel-level annotations of
different semantic categories for an image. Recently, many
real-time applications like autonomous driving require seg-
menter to fast inference on low-power edge devices and
guarantee satisfied performance. However, many state-of-
the-art models stack convolutions, fuse multi-scale features
and increase the resolution to improve accuracy, making
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Figure 1: Kendall-Tau (left) and Spearman (right) Correla-
tion on Segmentation Benchmark.

Method Algorithm Cost
Auto-DeepLab (Liu et al. 2019)  Gradient 72 h
GAS (Liet al. 2019a) Graph 160 h
CAS (Zhang et al. 2019) Gradient 200 h
DF-Seg (Li et al. 2019b) Pruning 9600 h
FasterSeg (Chen et al. 2020) Gradient 48 h
SasWOT Training-free 1.8 h

Table 1: Comparison of various SAS methods. h indicates
GPU-hour.

them suffer from high computational resources and mem-
ory budget (Liu et al. 2023; Li et al. 2023b; Li and Jin 2022;
Li et al. 2023a, 2022b,a, 2020; Li 2022; Shao et al. 2023).
To tackle this challenge, there are many lightweight archi-
tectural engineering(Badrinarayanan, Kendall, and Cipolla
2017; Paszke et al. 2016) proposed to allow the segmenter
to deploy on resource-constrained platforms. For example,
ICNet (Zhao et al. 2018a) uses an image cascade network
to incorporate multi-resolution inputs. BiSeNet (Yu et al.
2018a), and DFANet allocate more computing resources to
feature fusion modules and utilize lightweight backbones.
However, this architectural engineering also requires exten-
sive expert design and lots of experimental trial and error.
To address this issue, some semantic segmentation ar-
chitecture search (SAS) methods have been presented by
building search spaces and processes. For example, Auto-
DeepLab (Liu et al. 2019) first searches cell structures and
the downsampling strategy to optimize resolutions. CAS
(Zhang et al. 2019) searches for operators and decoders in
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a pre-defined multi-scale network with customized latency
constraints. Although these methods achieve promising re-
sults, they also introduce significant computational overhead
and optimization difficulties during the search phase. As
shown in Table 1, these methods always involve training a
supernet from scratch that is larger than the original model
to perform a differentiable or Reinforcement Learning (RL)
search. Thus, they need lots of costs for search, which brings
heavy burdens for practical usage.

As Albert Einstein once said: “Everything should be
made as simple as possible, but not simpler”. Inspired by
the recent zero-shot NAS, we experimented with training-
free methods for classification tasks and evaluated their pre-
dictability on a segmentation benchmark. As shown in Fig-
ure 1, these methods typically perform worse on segmenta-
tion tasks. These failures are large because they are hand-
designed fixed forms that do not generalize well to new seg-
mentation tasks with different data domains, architectural
styles, and evaluation metrics. To design customized prox-
ies for segmentation tasks, we analyze the existing methods
and discover that: (1) Proxies with different model statistic
inputs can be well combined. (Tanaka et al. 2020) This indi-
cates that we can design proxies to combine various inputs to
improve predictability. (2) Most proxies can be factored into
some input options and basic operations. For example, log,
abs, and matrix multiplication are often present in proxy ex-
pressions (Tanaka et al. 2020; Lee, Ajanthan, and Torr 2018;
Lin et al. 2021). This indicates that the proxy can also be de-
signed from scratch following Auto-Zero.

Based on the above observations, we present, SasWOT,
an automated search framework that utilizes evolutionary al-
gorithms to search training-free proxies for SAS efficiently.
Firstly, we represent the proxy search space with the seg-
menter’s multiple statistics (e.g., weights and gradient) as in-
put and different unary and binary mathematical operations
as candidates. Next, our search algorithm initializes the pop-
ulation, evaluates, crosses, and varies for a better proxy. Dur-
ing the search, we directly use the ranking correlation with
accuracy results in the segmentation benchmark as optimiza-
tion objectives to find a more fitting proxy for the segmenta-
tion task. To speed up the process, we employ judgment and
elitism-preserve strategies during the proxy search. With the
automatic search framework, our SasWOT surpasses exist-
ing training-free NAS approaches by a large margin without
prior knowledge. Finally, we search for segmentation archi-
tectures with SasWOT and then implement a complete train-
ing process on the searched segmentation architecture.

We perform extensive experiments to validate the perfor-
mance and efficiency strengths of our SasWOT in semantic
segmentation benchmarks and on multiple autonomous driv-
ing datasets. On the segmentation benchmark, SasWOT con-
sistently improves ranking consistency compared to other
state-of-the-art training-free methods, on Cityscapes and
CamVid benchmarks, our method yields search acceleration
of at least 30 times compared to the traditional gradient-
based SAS method and allows the segmenter search to be
completed on a single GPU within 2 hours.

The main contributions can be summarized as follows:
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* We propose a novel real-time segmenter search frame-
work via auto-discovery proxy without training, which
to our knowledge, is the first training-free search
method for segmentation.

* We present a comprehensive proxy search space and
evolve proxy with correlation in segmentation as fitting
objectives. In addition, we achieve significant search
acceleration by searching for segmenters with discov-
ered proxies.

* We conduct extensive experiments on the standard
Cityscapes and CamVid benchmarks. Compared to
other real-time methods, our method obtains a state-of-
the-art trade-off between performance and latency.

Related Work

Semantic Segmentation Architecture Search Following
FCN (Long, Shelhamer, and Darrell 2015), many advanced
Handcrafted architectures are presented for larger recep-
tive field (Zhao et al. 2017; Chen et al. 2017a,b, 2018; Yu
et al. 2018b) and better pixel-wise relationships (Zhao et al.
2018b; Huang et al. 2019; Fu et al. 2019; Song et al. 2019)
to improve the performance of semantic segmentation. To
alleviate resource budget issues, some light-weighted Seg-
menter like ENet (Paszke et al. 2016), ICNet (Zhao et al.
2018a) and BiSeNet (Yu et al. 2018a) have been proposed in
real-time applications. However, manual design methods are
hard to achieve a good trade-off between performance and
efficiency, so researchers develop semantic segmentation ar-
chitecture search to automatically optimize the segmenter.
For example, Auto-DeepLab (Liu et al. 2019) pioneered
in searching cell-level and network-level dense-connected
search space to achieve better spatial resolution changes.
CAS (Zhang et al. 2019) first imposed resource constraints
while searching for an efficient backbone for segmenta-
tion. Subsequent SAS methods present advanced search
space designs (e.g., multi-resolution branch) and search al-
gorithms (e.g., gradient, pruning, meta-learning). However,
these training-based methods always require training the su-
pernetwork to evaluate the performance of different candi-
dates, resulting in complex optimization processes and large
additional computational overheads. To address this issue,
we propose SasWOT, the first training-free framework for
SAS. Our SasWOT directly uses proxy scoring on well-
initialized segmenters to search without any training cost.
Our SasWOT not only opens new doors for SAS research,
but also dramatically improves the search efficiency in prac-
tical applications.

Training-Free Architecture Search Traditional architec-
ture search involves designing search spaces, search algo-
rithms, and evaluation strategies to automatically discover
the optimal architecture within certain constraints (Wei et al.
2024; Hu et al. 2021; Dong et al. 2022; Yang et al. 2022;
Dong, Li, and Wei 2023; Dong et al. 2023; Lu et al.
2024; Zimian Wei et al. 2024). The training-based meth-
ods employ a train-then-search process by multiple trials or
weight-sharing policies. Training-free architecture search,
also known as zero-shot NAS, is a faster alternative to
vanilla NAS and one-shot NAS, as it can predict network
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Figure 2: The overall process of SasWOT includes automated proxy discovery and training-free architecture search. In the
proxy search phase, we build candidates with gradients and weights as inputs and different unary binary operations as options.
we perform an evolutionary search to remove weak individuals and crossover & mutation to generate new populations within
promising ones. Finally, we pick up the best-performing proxy for training-free architecture search, which evolves different

architectures in the search space using scores of SasWOT proxy.

performance without training network parameters. Zero-cost
proxies can be divided into parameter-level and architecture-
level proxies. Parameter-level zero-cost proxies rely on
pruning and summing up the saliency value of each layer
weight as the proxy. Several methods have been proposed for
Convolution-based architectures, such as Synflow (Tanaka
et al. 2020), SNIP (Lee, Ajanthan, and Torr 2018), and
GraSP (Wang, Zhang, and Grosse 2020), which rely on gra-
dient computations using a single minibatch of data at ini-
tialization and can be computed very quickly. Architecture-
level zero-cost proxies evaluate the network’s discriminabil-
ity from the architecture level. Zen-NAS (Lin et al. 2021)
proposed a novel zero-shot proxy called Zen-Score to eval-
uate the expressivity of a network, while NWOT (Mellor
et al. 2021) examined how the linear maps induced by data
points correlate for untrained network architectures. How-
ever, these methods all employ hand-designed fixed proxies
for the classification task and encoder-only CNN models. In
semantic segmentation, the encoder-decoder model usually
has complex branches and multi-scale features that result
in huge challenges for traditional proxies in predicting final
accuracy. To address this challenge, we automatically opti-
mize the first customized proxies for SAS based on some ob-
servations. Our SasWOT first explore the training-free SAS
method and bridges theoretical proxy design and practical
downstream applications.

Methodology

Our framework is divided into two parts: (1) evolving cus-
tomized proxies on a semantic segmentation benchmark (2)
evolving optimal segmenters utilizing searched proxies. In
this section, we first illustrate the proxy search component
on search space design, search process, and search results.
Then, we introduce the details of our trainning-free seg-
menter search. The pipeline of our approach is shown in
Figure 2).

Search Space for Proxy Discovery

Search Space Organization Our approach evolves the
customized proxy in a semantic segmentation bench-

mark (Duan et al. 2021), which consists of U-Net-like
encoder-decoder models with various operators and their in-
dividual training results. We extract the activations (A), gra-
dients(G), and weights(W) of each convolutional layer in
both encoder and decoder modules as input. Then, we eval-
uate the existing proxy formulation with these inputs, and
observe that: (1) Although with the same input statistics, dif-
ferent mathematical operations can bring large performance
disparities for proxies. This point suggests that we can im-
prove the proxy by tuning it with different mathematical op-
erators. (2) Proxy models with different inputs can be well
combined. For example, Synflow and NWOT can be well in-
tegrated with better correlation. This motivates us to select
multiple statistic inputs for the proxy search space, bringing
additional gains. Based on the above observations, we in-
clude activations, gradients, and weights as multiple inputs
to the search and represent the zero-cost proxy as a com-
putation graph. Then we collect the common mathematical
operators for intermediate nodes of the graph, which are de-
tailed in the next part.

Primitive Operations In the context of the zero-cost
proxy, primitive operations are used to process segmenter
statistics, resulting in a computational graph for perfor-
mance evaluation. We consider two types of primitive op-
erations, including unary operations (operations with only
one operand) and binary operations (operations with two
operands). A summary of available primitive operations is
presented as follows:
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to-sum-scalar,”

5

* Unary operations: “elementwise pow,
“elementwise exp,’*‘normalize,”*“elementwise relu,
“elementwise sign,”*‘elementwise invert,”‘slogdet,”

“frobenius norm,”“‘elementwise normalized sum,”

“lInorm,”*“softmax,”*‘sigmoid,”’*“logsoftmax,”

“to-mean-scalar,”‘gram-matrix,”“‘elementwise log,”

“elementwise abslog,’*“elementwise abs,”*no op”.

996

* Binary operations: “elementwise sum,’“‘equal to,”
“elementwise difference,”*“elementwise product,”
“lesser than,” ”“matrix multiplication,

greater than,
“hamming distance,”*‘pairwise distance,”*11 loss,”

bl

7724



1e7
. 2.00 R 0.00 *
64 ; . il 175 .1 £-0.25
® 5o | Kendill Tau: 051 Kendall Tau: 0.4 =~ o< | S1-500 engan Tau: 0.59 &-0.50| Kendall Tau: 0.62 T
8 Y £ 4 R £ 1 ke 7 1.25 —-0.75 -"'f'
2N H - - s | 51.00 0-1.00 =3 v &
5|, s = | 2075 =-1.25 :
: = , 050 1 - ®_150 #
=38 : $0.25 - ®475
56 . 0.00| - -2.00{!
10 15 20 5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
mloU% mloU% mloU% mloU%

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Figure 3: Correlation visualization of NWOT, Synflow, SasWOT-, SasWOT (from left to right).

9%¢¢

“cosine similarity,”*’kl divergence,”“mse loss”.

These mathematical operations are essential building blocks
to construct a diverse and expressive search space of zero-
cost proxy. We provide more details of their formulas and
properties in the supplementary material.

Evolution Procedure, Acceleration, and Objective

Based on our proxy search space and graph representation,
we leverage an evolutionary algorithm (EA) to search for op-
timal proxy expressions. Our EA starts with an initial popu-
lation of candidate Proxies and iteratively evolves the popu-
lation over generations using genetic operators, such as se-
lection, crossover, and mutation, to generate better solutions.
For fitting objectives, each proxy is evaluated based on the
ranking correlation between its output proxy Q scores and
ground truths D to efficiently discover the optimal proxy p*
from search space P, as:

pgasWOT = arg ma'X(T(D7 Q)) (1)

pEP

where Kendall’s Tau 7 is formulated as the correlation coef-
ficient. Each evolution picks top-k candidates with the high-
est evaluation score and randomly selects a parent from the
candidates for mutation. To improve the efficiency of gene
evolution, we adopt a greedy strategy to maximize the evo-
lution of candidates. Genetic algorithms are designed to iter-
atively evolve the best-fit candidates.Greed is demonstrated
by picking only topK candidates from the candidates pool
after mutation and crossover operators, instead of randomly
picking from the candidates pool in each round as in tradi-
tional genetic algorithms. Only the topK of evolved candi-
dates is retained in each round, and if the number of candi-
dates is less than the population at that point, new proxies are
randomly sampled, and the topK is drawn, and the candidate
pool is emptied before the start of the next round. In the mu-
tation step, depending on the mutation mode, we randomly
select unary or binary operations to change. In the crossover
step, we randomly select primitive operations from the two
proxies to form a new proxy. To improve the search effi-
ciency of the proxy, we propose Early-Rejection Strategy.
If two unary operators cannot perform a binary operation
due to a dimensional mismatch, the genetic algorithm will
immediately eliminate the combination. Also, if no better
candidates are produced after five iterations, the topK at that
point will be recorded and the candidates pool will be reset
randomly. Once a candidate proxy has optimization collapse

Algorithm 1: Evolution Search for SasWOT Proxy

Input: Search space S, population P, max iteration 7, sample ratio
r, sampled pool R, topk k, .
Output: SasWOT proxy with best KD(Kendall Tau) index.
1: PO := Initialize population(P;);
2: Sample pool R := 0);
3: fori=1,2,...,7 do
. Select G;° := GetTopk(R, k);
/Il greedy evolution strategy
Clear sample pool R := ();
Mutate := MUTATE(G});
Crossover G := CROSSOVER(G?);
Append G7" to R;
10:  Append G5 to R;
11:  if R <P then

LRI N R

12: Add random samples
13: else

14: Go to line 4;

15:  endif

16: end for

and overflow issues, this strategy will directly break its veri-
fication and then generates new offspring to avoid searching
for local optimums.

Searched Zero-cost Proxy

In table 3, by considering the correlation of zero-cost proxies
in MICRO and MACRO space, we decided to try to combine
two relatively well-performing proxies (NWOT, SasWOT-
) after normalization. The experimental results (SasWOT)
show that this was a successful attempt. The compari-
son between SasWOT- and SasWOT highlights that AVT-
normalized proxy combination strategies can achieve better
results than individually searched proxies. We present for-
mulas of the searched proxies SasWOT- and SasWOT as
follows:
Ney or
PSaswoT— = Z(softmax(Wcli) < ReLU <8Wcli)) ?2)

i=1

PSaswoT = NOTMAavt(psaswor—) + normaa (log|K|)
3)
where N.; is the number of convolution and linear lay-
ers, W, is the weight parameter matrix of a convolution
layer or a linear layer, 9L/0W,,, is the corresponding gra-
dient matrix. Ky is the kernel matrix of binary codes in
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\ InputSize mloU (%) FPS FLOPs Params \ Search Method Training cost ~ Search cost
Method val  fest | (GPU days)  (GPU hours)
Enet 640x360 - 583 769 3.8G 0.4M Manual - -
BiSeNet 768%1536 69 684 105.8 14.8G 5.8M Manual - -
Fast-SCNN 1024x2048 68.6 68 123.5 - 1.1IM Manual - -
ICNet 1024x2048 - 69.5 37.7 28.3G 26.5M | Manual - -
DFANet 1024x1024 - 71.3 100 3.4G 7.8M Manual - -
SFENet(DF1) | 1024x2048 - 74.5 NA - 9.03M | Manual - -
GAS 769%x1537 - 71.8 108.4 - - Graph - 160
CAS 768%1536 71.6 70.5 108 - - Gradient - 200
DF1-Seg-d8 | 1024x2048 724 714 1369 - - Pruning - 9600
FasterSeg 1024x2048 69.8 - 163.9 28.03G  3.42M | Gradient 3.24 48
Random 1024x2048 67.9 658 162.37 29.17G 4.64M | Training-free 2.63 1
NWOT 1024x2048 69.2 68.4 162.61 30.56G 2.29M | Training-free 2.54 1
Synflow 1024x2048 67.0 66.0 161.13 33.42G 3.88M | Training-free 2.75 1
SasWOT- 1024%x2048 69.2 66.7 162.04 32.13G 3.12M | Training-free 2.58 1
SasWOT 1024%x2048 713 69.8 162.64 29.34G 3.33M | Training-free 2.55 1.8

Table 2: mIoU and inference FPS on Ciytscapes validation (val) and test (test) sets. The training and search costs are obtained
from the original papers (Enet(Paszke et al. 2016), BiSeNet (Yu et al. 2018a), Fast-SCNN (Poudel, Liwicki, and Cipolla 2019),
ICNet (Zhao et al. 2018a), DFANet A (Zhang et al. 2023), SFNet(DF1) (Li et al. 2022¢), GAS (Li et al. 2019a) , CAS (Zhang
etal. 2019) , DF1-Seg-d8 (Li et al. 2019b) and FasterSeg (Chen et al. 2020)) report or from our experimental records.

NWOT (Mellor et al. 2021).

SasWOT is built on the combination of two proxies, one
from the SasWOT- obtained from the search and the other
from the proxy proposed by the previous work. Considering
the magnitude of different proxies, we adopt the strategy of
AVT normalization to achieve the summation between two
proxies. Given a set of IN,,..;, architectures L, let one proxy
predict the result as P,.(L)!*Narer | then the AVT normal-
ization of proxy prediction p..(L;) for one architecture is
given by:

Pzc(Li) — min(Pzc(L))
max(P..(L)) — min(P..(L))

normavt (Pze(Li)) = “
In our experiments, we find that the combination of
SasWOT- and NWOT (Mellor et al. 2021) has an effec-
tive improvement in evaluation metrics. However, due to the
static nature of the AVT normalization policy, we are unable
to score the architecture in real-time in practice. To address
this issue, we estimate the maximum and minimum values
of possible SasWOT scores by pre-selecting a certain num-
ber of architectures in the search space at random. Figure 3
has demonstrated the superiority of SasWOT- and SasWOT,
which significantly outperform the previous zero-cost proxy
methods and meanwhile enjoy more search efficiency.

Training-free Segmenter Search

Our approach utilizes a training-free segmenter search to ef-
ficiently explore a large search space of candidate architec-
tures without the need for costly and time-consuming train-
ing on large datasets. To begin, we employ an evolutionary
search algorithm to obtain a good proxy model. Once we
have a reliable proxy, we conduct a training-free segmenter
search by using the evolutionary algorithm to discover the
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optimal segmenter o* from the search space .A. While evo-
lutionary search is typically the most effective approach, we
opt for an EA search in this case due to the limited size of the
search space, which simplifies the process. Using random
initialized weights W, we conduct the training-free search
algorithm to identify the optimal Segmenter efficiently, as:

o’ = argmax psaswor(a, W). (5)
acA

In the architecture search process, we first randomly gen-
erate matrices that can denote the model architectures and
add them to the candidate pool. Then the architectures are
scored by zero-cost predictor and the top K architectures are
selected for the mutation and crossover steps. In the muta-
tion step, depending on the mutation pattern, we randomly
change the rows of the alpha or beta matrix. In the crossover
step, we randomly select the alpha and beta matrices from
the two architectures to generate a new architecture. After
the mutation and crossover steps, if the population is insuf-
ficient, new alpha and beta matrices are randomly generated
and added to the candidates. the new architectures in each of
these steps need to be verified for legitimacy, i.e., whether
they have been recorded before.

Experiments

In this section, we first evaluate the ranking performance of
the searched proxies in the semantic segmentation bench-
mark, and then we use the searched proxies to perform a
training-free segmenter search in Cityscapes (Cordts et al.
2016) and CamVid (Brostow et al. 2008). All models are
trained from scratch without ImageNet pre-trained weights.
In all experiments, the class mloU (mean Intersection over
Union per class) and FPS (frame per second) are used as the
metrics for accuracy and speed, respectively.
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Figure 4: Visualization of search curves. From left to right: proxy search in macro search space, proxy search in micro search
space, segmenter search with SasWOT- proxy, segmenter search with SasWOT proxy.

Figure 5: Visualization of segmentation results on CityScapes. From left to right:ground truth, (architecture searched with)
random, nwot, synflow, SasWOT-, SasWOT

Experiments on Segmentation Benchmark

Space \ MICRO \ MACRO ] i
- Dataset and implementation. The TransNAS-Bench-
Ranking | Kd Sp Ps | Kd Sp Ps 101 (Duan et al. 2021) dataset was used as our segmenta-
| Mean Mean Mean | Mean Mean Mean tion benchmark to evaluate the performance of the searched
Fisher 1111 1520 1084 | 766 1117 599 proxies. This dataset includes 3256 and 4096 networks
FLoPs 4398 6255 53.12 | 51.18 70.69 46.72 from the macro-level search space and the cell-level search
Gradnorm | 38.83 53.49 2248 | 3.62 549  4.42 space. These networks were trained for 30 epochs with
Grasp 1.90 3.02 3.02 0.66 6.28 4.18 the same setup on the Taskonomy dataset. The Taskonomy
Epe_nas 5348 6840 66.29 | 1426 19.15 10.71 dataset was sampled from 17 classes of MSCOCO(Lin et al.
Jacov 4645 6253 43.64 | 1031 15.08 19.80 2014). The Labels for the Taskonomy dataset were pre-
NWOT 36.7 5852 52.09 | 4571 66.09 5840 dicted from a network pre-trained on the MSCOCO dataset.
Params 4511 6396 5827 | 122 2.05 1.56 We tested the performance of the searched proxies in mi-
gI;JﬂPOW 1232 241‘5471 g?g’; 1(7)51;; %22? %gig cro and macro search spaces, respectively. Fifty architec-
: ‘ ‘ : ’ ’ tures were randomly selected for evaluation in each exper-
Zen-NAS 4827 6627 4364 | 2373 3478 3505 iment, with the Ke}rlldall Tau index, Spearman index, Izlnd
SasWOT 64.08 8398 76.62 | 5276 74.06 67.97 Pearson index being evaluated. Through several sets of ex-
SasWOT- | 5522 77.63 7551 | 28.92 4134 37.06 periments, we found that the proxy SasWOT- found by evo-
Iution search had a more stable model performance predic-
Table 3: Ranking results (%) on TransNAS-Bench- tion, as its average Kendal Tau index was higher compared
101 (Duan et al. 2021)-Semantic Segmentation. Kd: Kendall to the other proxies. SasWOT further improves the perfor-
Tau, Sp: spearman, Ps: Pearson. mance of SasWOT-, which is more evident in the Micro

search space.
Comparison results Table 3 demonstrates the ranking ca-

Method mloU (%) FPS FLOPs pabilities of different methods on macro and micro search
Random 622 3888 728G spaces. These results Qemonstrate that (1) our SasWOT
NWOT(Mellor et al. 2021) 622 3925  7.63G achieves the best ranking performance and outperforms
Synflow(Tanaka et al. 2020) ~ 57.1 390.3 8.34G other proxy methods, (2) SasWOT- performs well in some
SasWOT- 38.7 388.9 8.03G cases, indicating that our single-input statistic proxy search
SasWOT 64.3 388.7 7.33G is effective, and SasWOT improves on this by demonstrating
the advanced nature of our multi-input strategy, (3) for other

Table 4: Results on the CamVid test set with resolution 960 methods, NWOT, Synflow, and Flops have some advantages
x720. over other methods. This may be attributed to the properties

of the search space.
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Experiments on Cityscapes

Dataset and implementation. We evaluate SasWOT on
Cityscapes dataset(Cordts et al. 2016). The dataset includes
over 5,000 images, each with high-quality pixel-level an-
notations for various semantic segmentation tasks. Inher-
ited from Fasterseg’s architecture search space, SasWOT en-
ables two branches to share three operators. Unlike previous
work, SasWOT fixes the pruning rate of the searched stu-
dent model, thus ensuring a reduced model complexity. In
the retraining phase, we adopted a knowledge distillation
strategy and used a deeplabv3+ model with a backbone of
resnet101 as the teacher network. For this task, we used an
SGD optimizer with an initial learning rate of 0.015 and an
exponential learning rate decay. We trained the searched ar-
chitectures for 800 epochs and evaluated SasWOT on the
Cityscapes validation and test sets. We used a raw image
resolution of 1024 x 2048 (HxW) to measure mloU and ve-
locity inference.

Comparison results In Table 2, we see the performance
metrics and inference speed of the models searched using
different proxies. Compared to the proxies presented in pre-
vious work, the architecture search using saswot- achieves
no less than the architecture searched by NWOT. It is worth
mentioning that SasWOT further improves the performance
of the searched architectures on top of SasWOT- with no
additional computational cost increase. It achieves a perfor-
mance comparable to the gradient-based Fasterseg search
method but with a significant reduction (about 24x faster)
in search time. In addition, we also compared other training-
free methods utilizing the same search and training settings.
The experimental results show that NWOT is a superior
method among them. In conclusion, SasWOT can achieve
a significant improvement in search efficiency compared to
the previous SAS methods and superior performance com-
pared to other training-free methods on Cityscapes.

Experiments on CamVid

Dataset and implementation. CamVid is another street
scene dataset extracted from five video sequences taken
from a driving automobile. It contains 701 images in total,
where 367 for training, 101 for validation and 233 for test-
ing. The images have a resolution of 720 x 960 (HxW) and
11 semantic categories. Considering the spatial resolution of
the Fasterseg search space, we cropped the input images ran-
domly and then resized them to 512 x 1024 (HxW). Similar
to experiments on cityscapes, we used a deeplabv3+ teacher
network for knowledge distillation with the searched archi-
tectures. We trained the searched architecture 80 epochs us-
ing the SGD optimizer, with an initial learning rate of 0.01
and exponential learning rate decay.

Comparison results Table 4 reveals that by achieving this
metric in only 80 training epochs and maintaining an infer-
ence speed that approximates that of Fasterseg, the SasWOT
search framework is certainly more efficient. The teacher
network deeplabv3+ only achieves comparable segmenta-
tion results to SasWOT with the same training setup while
consuming several times the computational power. The im-
plication of this finding is that the SasWOT search frame-
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work may be a more practical and efficient approach to se-
mantic segmentation tasks, especially in real-time applica-
tions where inference speed is critical. However, it is impor-
tant to note that the comparison is specific to the CamVid
dataset and may not necessarily generalize to other datasets
or tasks.

Ablation Study

Search algorithm. The evolutionary search algorithm used
in this study is a gradient-free optimization technique that is
commonly used in AutoML. As shown in Figure 4, the evo-
lutionary algorithm obtains faster convergence and better fi-
nal search results compared to random search in the proxy
and architecture search process. This suggests that the evolu-
tionary algorithm is a more effective and efficient approach
to our SasWOT than random search.

Correlation Visualization. Figure 3 reports that the score
of SasWOT and the performance ground-truth are visual-
ized to observe the proxy’s predictability. The performance
ground-truth represents the actual segmentation results ob-
tained by the larger and more complex segmentation model.
The figure shows that SasWOT can effectively detect the ac-
tual segmentation results, indicating that it is a reliable proxy
model for semantic segmentation tasks.

Segmentation Result Visualization. As shown in Figure 5,
the visualization reveals that our method can accurately seg-
ment some detailed regions that are challenging for other
methods, such as small objects and thin structures. Addi-
tionally, our method can effectively segment some important
categories, e.g., vehicles and pedestrians, which are critical
for applications like autonomous driving and surveillance.
The visualization also demonstrates that our method can
maintain region connectivity, meaning that adjacent regions
of the same semantic class are accurately grouped together.

Conclusion

In this paper, we present a novel training-free SAS frame-
work, dubbed SasWOT, to efficiently search for the optimal
segmenter utilizing our automated search proxy. Our frame-
work includes customized proxy search and training-free
segmenter search. With the discovered proxies, our sasWOT
allows an efficient search for promising candidates without
any training cost. As a result, our SasWOT achieves at least
30 x acceleration in the search stage. Comprehensive exper-
iment results on segmentation benchmarks and multiple au-
tonomous driving segmentation datasets illustrate the supe-
rior ranking ability improvement and segmentation perfor-
mance of our method. We hope that our novel investigations
would give more insight and new directions for the semantic
segmentation and NAS research community.
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