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1 Weight-sharing Neural Architecture Search

Weight-sharing in neural architecture search is now prominent because of its
efficiency [2, 11, 1, 7]. They can roughly be divided into two categories.

One-stage approaches. Specifically, ENAS [11] adopts a reinforced ap-
proach to train a controller to sample subnetworks from the supernet. ‘Good’
subnetworks yield high rewards so that the final policy of the controller is able to
find competitive ones. Notice the controller and subnetworks are trained alter-
natively. DARTS [10] and many of its variants [16, 17, 6, 5] are also a nested op-
timization based on weight-sharing but in a differentiable way. Besides, DARTS
creates an exclusive competition by selecting only one operation on an edge,
opposed to ENAS where more operations can be activated at the same time.

Two-stage approaches. There are some other weight-sharing methods who
use the trained supernet as an evaluator [2, 1, 7]. We need to make a distinction
here as DARTS is a one-stage approach. The supernet of DARTS is meant to
learn towards a single solution, where other paths are less valued (weighted).
Instead like in [7], all paths are uniformly sampled, so to give an equal impor-
tance on selected paths. As the supernet is used for different purposes, two-stage
approaches should be singled out for discussion in this paper.

2 Search Spaces

There are two search spaces extensively adopted in recent NAS approaches.
The one DARTS proposed, we denote as S1, is cell-based with flexible inner
connections [10, 5], and the other S2 is at the block level of the entire network
[14, 3, 16]. We use the term proxy and proxyless to differentiate whether it directly
represents the backbone architecture. Our experiments cover both categories, if
otherwise explicitly written, the first is searched on CIFAR-10 and the second
on ImageNet.

Search Space S1. Our first search space S1 (show in Fig. 1) follows DARTS
[10] with an exception of excluding the zero operation, as done in [18]. Namely,
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S1 works in the previously mentioned DAG of N = 7 nodes, first two nodes in
cell ck−1 are the outputs of last two cells ck−1 and ck−2, four intermediate nodes
with each has incoming edges from the former nodes. The output node of DAG
is a concatenation of all intermediate nodes. Each edge contains 7 candidate
operations:

– max pool 3x3, avg pool 3x3, skip connect,
– sep conv 3x3, sep conv 5x5,
– dil conv 3x3, dil conv 5x5.

Search Space S2. The second search space S2 is similar to that of Prox-
ylessNAS [3] which uses MobileNetV2 [12] as its backbone. We make several
essential modifications. Specifically, there are L = 19 layers and each contains
N = 7 following choices,

– Inverted bottlenecks with an expansion rate x in (3,6), a kernel size y in
(3,5,7), later referred to as ExKy,

– skip connection.

3 Experiment Details

The list of all experiments we perform for this paper are summarized in Table 1.
To summarize, we run DARTS [10] in S1 and S2, confirming the aggregation

of skip connections in both search spaces. We also show the large discretization
gap in S2.

In comparison, we run Fair DARTS in S1 and S2 to show their differences.
First, due to our collaborative approach, we can allow a substantial number of
skip connections in S1, see Fig. 7 (supplementary). Second, Fig. 4 (supplemen-
tary) exhibit the final heatmap of architectural weights σ where skip connections
coexist with other operations, meantime, the values of σ are also close to 0 or 1,
which can minimize the discretization gap.

3.1 Search on CIFAR-10 in Search Space S1

We initialize all architectural weights to 03 and set w0−1 = 10 . We comply with
the same hyperparameters with some exceptions: a batch size 128, learning rate
0.005, and Adam optimizer with a decay of 3e-3 and beta (0.9, 0.999). Moreover,
we comply with the same strategy of grouping training and validation data as
[10]. The edge correspondence in search space S1 is given in Table 2. We also
use the first-order optimization to save time.

We illustrate some of the searched cells in Fig. 5 and Fig. 6. The normal cell
of FairDARTS-a is rather simple and only 3 nodes are activated, which is previ-
ously rarely seen. In the reduction cell, more edges are activated to compensate
for the information loss due to down-sampling. As reduction cells are of small
proportion, FairDARTS-a thus retains to be lightweight. Other searching results
are listed in Table 5.
3 Its sigmoid output is 0.5 (fair starting point).
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3.2 Search on ImageNet in Search Space S2

We use the SGD optimizer with an initial learning rate 0.02 (cosine decayed by
epochs) for the network weights and Adam optimizer with 5e-4 for architectural
weights. Besides, we set σthreshold = 0.75 and w0−1 = 1.0.

There is a minor issue need to concern. The innate skip connections are
removed from inverted bottlenecks since skip connections have already been
made a parallel choice in our search space.

Table 1. All experiments conducted for this paper. By default, S1 is for CIFAR-10, S2

for ImageNet. Note Lval refers to Lval(w
∗(α), α). †: Main text. ‡: In the supplementary.

? : N (0, 1), run k = 4 times, ∗ :w0−1 ∈ range(16)

Idx Method Search Space Loss Optimization Fig† Fig‡ Table‡

1 DARTS? S1 Lval Bi-level 2,3,4 9,13
2 DARTS S2 Lval Bi-level 1,4
3 Fair DARTS S1 Lval Bi-level 8
4 Fair DARTS∗ S1 Lval + w0−1L0−1 Bi-level 8
5 Fair DARTS? S1 Lval + 10 ∗ L0−1 Bi-level 8 3,4,5,6,12,14 5,7
6 Fair DARTS S1 Lval + 10 ∗ L′0−1 Bi-level 2,10
7 Fair DARTS S1 Lval + 10 ∗ L0−1 Single-level 3,11
8 Fair DARTS S2 Lval + 10 ∗ L0−1 Bi-level 1,6
9 DARTS S1 \ {skips} Lval Bi-level 7 15
10 Random S1 ∩ {priors} n/a n/a 7
11 Random S1 ∩ {priors} ∩

{FLOPS ≥ 500M}
n/a n/a 8

12 Noise? S1 Lval Bi-level 6
13 DARTS S1 Lval + 10 ∗ L0−1 Bi-level 8,16

3.3 Zero-one Loss Comparison

Fig. 2 compares results on two different loss designs. With the proposed loss
function L0−1 so that Fair DARTS is less subjective to initialization. The sigmoid
values reach to their optima more slowly than that of L′0−1. It also gives a fair
opportunity near 0.5, the 3×3 dilation convolution on Edge (3,4) first increases
and then decreases, which matches the second criteria of loss design.

3.4 Single-level vs. Bi-level Optimization

The 5 × 5 separable convolution on edge (2, 2) under bi-level setting weighs
higher at the early stage but much decreased in the end, which can be viewed
as robustness to a local optimum. See Fig. 3.

3.5 Results on COCO Object Detection

We use our models as drop-in replacements of the backbone of RetinaNet [9].
Here we only consider comparable mobile backbones. Particularly, we use the
MMDetection [4] toolbox since it provides good implementations for various
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Table 2. Edge correspondence in S1. Edge i is represented as a pair (j, k) where j is an
intermediate node, and k is the incoming node. Note j is numbered only on intermediate
nodes. And k counts previous cell outputs as well. See Fig. 1 for correspondence

Edge (j, k)

0 (0, 0)
1 (0, 1)
2 (1, 0)
3 (1, 1)
4 (1, 2)
5 (2, 0)
6 (2, 1)
7 (2, 2)
8 (2, 3)
9 (3, 0)
10 (3, 1)
11 (3, 2)
12 (3, 3)
13 (3, 4)

Table 3. Dropout strategies of DARTS variants

Mothods Skip Connection Other Ops

DARTS [10] No Drop No Drop
PDARTS [5] Drop No Drop
RobustDARTS [18] Drop Drop
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Fig. 1. The DARTS search space at cell-level. Red labels indicate intermediate nodes.
The outputs of all intermediate nodes are concatenated to form the output ck

objective methods. All the models are trained and evaluated on MS COCO
dataset (train2017 and val2017 respectively) for 12 epochs with a batch size of
16. The initial learning rate is 0.01 and divided by 10 at epochs 8 and 11. Table 4
shows that our model achieves the best average precision 31.9%.

Table 4. Object detection of various drop-in backbones. †: w/ SE and Swish

Backbones ×+ Params Acc AP AP50 AP75 APS APM APL

(M) (M) (%) (%) (%) (%) (%) (%) (%)

MobileNetV2 [12] 300 3.4 72.0 28.3 46.7 29.3 14.8 30.7 38.1
SingPath NAS [13] 365 4.3 75.0 30.7 49.8 32.2 15.4 33.9 41.6
MobileNetV3 [8] 219 5.4 75.2 29.9 49.3 30.8 14.9 33.3 41.1
MnasNet-A2 [14] 340 4.8 75.6 30.5 50.2 32.0 16.6 34.1 41.1
MixNet-M [15] 360 5.0 77.0 31.3 51.7 32.4 17.0 35.0 41.9

FairDARTSC † 386 5.3 77.2 31.9 51.9 33.0 17.4 35.3 43.0
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Fig. 2. Comparison of sigmoid evolution when running Fair DARTS with L′0−1 (top)
and L0−1 (bottom) in S1. With the proposed loss at the bottom, sigmoid values manage
to step out of local optima
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Fig. 3. Comparison of sigmoid evolution when running Fair DARTS with single and
bi-level optimization. Bi-level has better robustness to local minimum

4 Figures

4.1 Evolution of Architectural Weights

Fig. 9 and 13 gives the complete softmax evolution when running DARTS on
CIFAR-10 in S1. Fig. 15 is a similar case except the skip connection is removed.

Fig. 10 gives the complete sigmoid evolution when running Fair DARTS on
CIFAR-10 in S1 with L′0−1.

Fig. 11, 12 gives the complete sigmoid evolution when running Fair DARTS
on CIFAR-10 in S1 with single-level and bi-level optimization respectively. Fig. 14
is a stacked-bar version of Fig. 12.
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4.2 A Special Study: DARTS with L0−1

Although our auxiliary loss L0−1 is particularly designed for Fair DARTS, it
is interesting to see how DARTS behave under this new condition. Fig. 8 and
16 give us such an illustration, where L0−1 has the same weight w = 10 as in
Fair DARTS. Not surprisingly, under the exclusive competition by softmax, skip
connections exploit even more from unfair advantages as we drive the weak-
performing operations towards zero (Fig. 16). Noticeably, there is a domino
effect, as the weakest operation decrease its weight, the second weakest follows,
so on and so forth. This effect speeds up the aggregation and as a result, more
skip connections stand out (Fig. 8). As the rest better-performing operations
are contending with each other, it still finds difficulty to determine which one
is the best. Besides, training its inferred best models reaches 96.77 ± 0.29% on
CIFAR-10 (run 7 times each with different seeds), which is not too different
from the original DARTS. Therefore, we conclude that applying L0−1 alone is
not enough to solve the existing problems in DARTS. In fact, L0−1 cannot handle
the softmax case inherently.
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Fig. 4. Heatmap of σ(α) in the normal cell and the reduction cell at the last epoch
when searching with Fair DARTS on CIFAR-10 (in S1). As a result of the sigmoid
feature and the auxiliary loss L0−1, the values are mainly around 0 and 1
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Table 5. Fair DARTS architecture genotypes. See FairDARTS-a in Fig. 5

Model Architecture Genotype

FairDARTS-b Genotype(normal=[(’sep conv 3x3’, 2, 0), (’sep conv 3x3’, 2, 1),
(’sep conv 3x3’, 3, 1), (’dil conv 3x3’, 4, 0), (’sep conv 5x5’,
4, 1), (’dil conv 5x5’, 5, 1)], normal concat=range(2, 6), re-
duce=[(’skip connect’, 2, 0), (’dil conv 3x3’, 2, 1), (’skip connect’, 3,
0), (’dil conv 3x3’, 3, 1), (’max pool 3x3’, 4, 0), (’sep conv 3x3’, 4, 1),
(’skip connect’, 5, 2), (’max pool 3x3’, 5, 0)], reduce concat=range(2,
6))

FairDARTS-c Genotype(normal=[(’max pool 3x3’, 2, 0), (’sep conv 5x5’, 2,
1), (’dil conv 3x3’, 4, 0), (’dil conv 5x5’, 4, 2), (’skip connect’,
5, 3), (’sep conv 3x3’, 5, 0)], normal concat=range(2, 6), re-
duce=[(’dil conv 3x3’, 2, 1), (’dil conv 5x5’, 2, 0), (’dil conv 3x3’, 3,
0), (’sep conv 3x3’, 3, 1), (’sep conv 5x5’, 4, 0), (’sep conv 5x5’, 4, 3),
(’sep conv 5x5’, 5, 0), (’skip connect’, 5, 1)], reduce concat=range(2,
6))

FairDARTS-d Genotype(normal=[(’sep conv 3x3’, 2, 0), (’sep conv 5x5’, 2, 1),
(’dil conv 3x3’, 3, 1), (’max pool 3x3’, 3, 0), (’dil conv 3x3’, 4,
0), (’dil conv 3x3’, 4, 1), (’sep conv 3x3’, 5, 0), (’dil conv 5x5’,
5, 1)], normal concat=range(2, 6), reduce=[(’max pool 3x3’, 2, 0),
(’sep conv 5x5’, 2, 1), (’avg pool 3x3’, 3, 0), (’dil conv 5x5’, 3, 2),
(’dil conv 3x3’, 4, 3), (’avg pool 3x3’, 4, 0), (’avg pool 3x3’, 5, 0),
(’skip connect’, 5, 3)], reduce concat=range(2, 6))

FairDARTS-e Genotype(normal=[(’sep conv 3x3’, 2, 0), (’sep conv 3x3’, 2,
1), (’dil conv 3x3’, 4, 1), (’dil conv 3x3’, 4, 2), (’dil conv 3x3’,
5, 0), (’dil conv 5x5’, 5, 1)], normal concat=range(2, 6), re-
duce=[(’max pool 3x3’, 2, 1), (’max pool 3x3’, 2, 0), (’max pool 3x3’,
3, 1), (’max pool 3x3’, 3, 0), (’sep conv 5x5’, 4, 1), (’max pool 3x3’, 4,
0), (’avg pool 3x3’, 5, 0), (’dil conv 5x5’, 5, 1)], reduce concat=range(2,
6))

FairDARTS-f Genotype(normal=[(’max pool 3x3’, 2, 0), (’sep conv 3x3’, 2, 1),
(’dil conv 3x3’, 3, 1), (’sep conv 5x5’, 4, 1), (’sep conv 3x3’,
5, 0), (’sep conv 3x3’, 5, 1)], normal concat=range(2, 6), re-
duce=[(’max pool 3x3’, 2, 0), (’max pool 3x3’, 2, 1), (’max pool 3x3’,
3, 0), (’dil conv 3x3’, 3, 1), (’dil conv 3x3’, 4, 2), (’max pool 3x3’, 4, 0),
(’max pool 3x3’, 5, 0), (’sep conv 3x3’, 5, 1)], reduce concat=range(2,
6))

FairDARTS-g Genotype(normal=[(’sep conv 3x3’, 2, 0), (’sep conv 3x3’, 2, 1),
(’skip connect’, 4, 3), (’sep conv 5x5’, 4, 1), (’dil conv 3x3’,
5, 0), (’sep conv 3x3’, 5, 1)], normal concat=range(2, 6), re-
duce=[(’avg pool 3x3’, 2, 1), (’skip connect’, 2, 0), (’skip connect’, 3,
2), (’max pool 3x3’, 3, 1), (’sep conv 5x5’, 4, 3), (’max pool 3x3’, 4, 0),
(’dil conv 3x3’, 5, 1), (’dil conv 3x3’, 5, 4)], reduce concat=range(2,
6))
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Table 6. Architecture genotypes when adding Gaussian noise to DARTS. Discussed
in Section 6.3 (main text)

Model Architecture Genotype

0 Genotype(normal=[(’sep conv 3x3’, 1), (’sep conv 3x3’, 0),
(’dil conv 5x5’, 1), (’dil conv 3x3’, 2), (’sep conv 3x3’, 1),
(’dil conv 5x5’, 3), (’dil conv 5x5’, 4), (’dil conv 3x3’, 3)], nor-
mal concat=range(2, 6), reduce=[(’max pool 3x3’, 0), (’max pool 3x3’,
1), (’avg pool 3x3’, 0), (’dil conv 5x5’, 2), (’skip connect’, 1),
(’max pool 3x3’, 0), (’skip connect’, 3), (’avg pool 3x3’, 1)], re-
duce concat=range(2, 6))

1 Genotype(normal=[(’dil conv 3x3’, 1), (’sep conv 3x3’, 0),
(’dil conv 3x3’, 2), (’dil conv 3x3’, 1), (’sep conv 3x3’, 1),
(’dil conv 5x5’, 3), (’dil conv 3x3’, 3), (’dil conv 5x5’, 4)], nor-
mal concat=range(2, 6), reduce=[(’dil conv 5x5’, 1), (’skip connect’,
0), (’max pool 3x3’, 0), (’dil conv 3x3’, 2), (’skip connect’, 3),
(’skip connect’, 2), (’skip connect’, 2), (’skip connect’, 3)], re-
duce concat=range(2, 6))

2 Genotype(normal=[(’dil conv 3x3’, 1), (’sep conv 3x3’, 0),
(’dil conv 3x3’, 1), (’dil conv 3x3’, 2), (’sep conv 3x3’, 1),
(’dil conv 3x3’, 3), (’dil conv 3x3’, 4), (’dil conv 3x3’, 1)], nor-
mal concat=range(2, 6), reduce=[(’max pool 3x3’, 0), (’dil conv 3x3’,
1), (’avg pool 3x3’, 0), (’dil conv 5x5’, 2), (’max pool 3x3’, 0),
(’skip connect’, 2), (’skip connect’, 2), (’avg pool 3x3’, 0)], re-
duce concat=range(2, 6))

3 Genotype(normal=[(’dil conv 3x3’, 1), (’skip connect’, 0),
(’dil conv 3x3’, 2), (’dil conv 3x3’, 1), (’sep conv 3x3’, 1),
(’dil conv 3x3’, 3), (’dil conv 3x3’, 4), (’dil conv 5x5’, 2)], nor-
mal concat=range(2, 6), reduce=[(’avg pool 3x3’, 0), (’dil conv 5x5’,
1), (’avg pool 3x3’, 0), (’dil conv 5x5’, 2), (’avg pool 3x3’, 0),
(’dil conv 5x5’, 3), (’dil conv 5x5’, 4), (’avg pool 3x3’, 0)], re-
duce concat=range(2, 6))
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Table 7. Randomly sampled architecture genotypes in S1 setting M = 2. Discussed
in Section 6.3 (main text)

Model Architecture Genotype

0 Genotype(normal=[(’skip connect’, 1), (’sep conv 5x5’, 0), (’skip connect’, 1),
(’dil conv 5x5’, 0), (’avg pool 3x3’, 1), (’dil conv 3x3’, 0), (’max pool 3x3’,
0), (’sep conv 3x3’, 3)], normal concat=range(2, 6), reduce=[(’dil conv 3x3’,
1), (’dil conv 5x5’, 0), (’max pool 3x3’, 1), (’dil conv 5x5’, 2), (’skip connect’,
0), (’dil conv 3x3’, 1), (’avg pool 3x3’, 4), (’sep conv 5x5’, 1)], re-
duce concat=range(2, 6))

1 Genotype(normal=[(’skip connect’, 1), (’skip connect’, 0), (’dil conv 3x3’, 0),
(’sep conv 5x5’, 2), (’dil conv 5x5’, 1), (’sep conv 5x5’, 3), (’dil conv 3x3’, 3),
(’max pool 3x3’, 4)], normal concat=range(2, 6), reduce=[(’sep conv 3x3’, 1),
(’sep conv 3x3’, 0), (’dil conv 3x3’, 2), (’max pool 3x3’, 1), (’sep conv 3x3’,
0), (’sep conv 3x3’, 1), (’max pool 3x3’, 2), (’skip connect’, 3)], re-
duce concat=range(2, 6))

2 Genotype(normal=[(’avg pool 3x3’, 0), (’skip connect’, 1), (’dil conv 5x5’, 0),
(’dil conv 3x3’, 2), (’sep conv 5x5’, 2), (’skip connect’, 3), (’avg pool 3x3’, 1),
(’avg pool 3x3’, 4)], normal concat=range(2, 6), reduce=[(’avg pool 3x3’, 0),
(’avg pool 3x3’, 1), (’avg pool 3x3’, 0), (’sep conv 5x5’, 1), (’sep conv 3x3’,
2), (’avg pool 3x3’, 1), (’sep conv 3x3’, 2), (’max pool 3x3’, 1)], re-
duce concat=range(2, 6))

3 Genotype(normal=[(’skip connect’, 1), (’dil conv 3x3’, 0), (’sep conv 3x3’, 0),
(’avg pool 3x3’, 2), (’dil conv 5x5’, 0), (’dil conv 3x3’, 3), (’max pool 3x3’, 1),
(’skip connect’, 4)], normal concat=range(2, 6), reduce=[(’dil conv 3x3’, 0),
(’sep conv 5x5’, 1), (’sep conv 5x5’, 1), (’sep conv 5x5’, 0), (’avg pool 3x3’,
0), (’sep conv 5x5’, 2), (’sep conv 3x3’, 0), (’max pool 3x3’, 1)], re-
duce concat=range(2, 6))

4 Genotype(normal=[(’dil conv 5x5’, 1), (’skip connect’, 0), (’sep conv 5x5’, 0),
(’skip connect’, 2), (’sep conv 5x5’, 3), (’dil conv 5x5’, 2), (’avg pool 3x3’, 0),
(’max pool 3x3’, 3)], normal concat=range(2, 6), reduce=[(’dil conv 3x3’, 0),
(’dil conv 3x3’, 1), (’max pool 3x3’, 0), (’avg pool 3x3’, 2), (’max pool 3x3’,
0), (’avg pool 3x3’, 2), (’dil conv 3x3’, 0), (’dil conv 3x3’, 2)], re-
duce concat=range(2, 6))

5 Genotype(normal=[(’sep conv 5x5’, 0), (’skip connect’, 1), (’sep conv 3x3’,
2), (’sep conv 3x3’, 0), (’avg pool 3x3’, 2), (’skip connect’, 0), (’sep conv 3x3’,
0), (’dil conv 5x5’, 3)], normal concat=range(2, 6), reduce=[(’avg pool 3x3’,
1), (’sep conv 5x5’, 0), (’dil conv 3x3’, 2), (’skip connect’, 1), (’avg pool 3x3’,
2), (’skip connect’, 1), (’sep conv 3x3’, 4), (’dil conv 3x3’, 1)], re-
duce concat=range(2, 6))

6 Genotype(normal=[(’skip connect’, 1), (’sep conv 5x5’, 0), (’max pool 3x3’,
0), (’dil conv 3x3’, 1), (’sep conv 5x5’, 1), (’avg pool 3x3’, 0), (’skip connect’,
4), (’sep conv 5x5’, 0)], normal concat=range(2, 6), reduce=[(’dil conv 5x5’,
1), (’sep conv 3x3’, 0), (’sep conv 5x5’, 0), (’dil conv 5x5’, 1), (’max pool 3x3’,
1), (’max pool 3x3’, 3), (’dil conv 5x5’, 2), (’max pool 3x3’, 1)], re-
duce concat=range(2, 6))
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Table 8. Randomly sampled architecture genotypes in S1 setting M = 2 and multiply-
adds > 500M. Discussed in Section 6.3 (main text)

Model Architecture Genotype

0 Genotype(normal=[(’skip connect’, 1), (’sep conv 3x3’, 0), (’skip connect’, 0),
(’dil conv 3x3’, 2), (’sep conv 3x3’, 1), (’dil conv 5x5’, 2), (’sep conv 3x3’, 2),
(’dil conv 5x5’, 1)], normal concat=range(2, 6), reduce=[(’skip connect’, 0),
(’sep conv 5x5’, 1), (’avg pool 3x3’, 2), (’dil conv 5x5’, 0), (’sep conv 3x3’,
0), (’dil conv 5x5’, 2), (’sep conv 5x5’, 1), (’dil conv 5x5’, 2)], re-
duce concat=range(2, 6))

1 Genotype(normal=[(’dil conv 3x3’, 0), (’sep conv 3x3’, 1), (’skip connect’, 2),
(’skip connect’, 1), (’sep conv 5x5’, 0), (’dil conv 3x3’, 1), (’sep conv 5x5’,
1), (’dil conv 5x5’, 4)], normal concat=range(2, 6), reduce=[(’dil conv 3x3’,
0), (’dil conv 3x3’, 1), (’avg pool 3x3’, 1), (’skip connect’, 0), (’dil conv 5x5’,
1), (’skip connect’, 3), (’skip connect’, 0), (’max pool 3x3’, 3)], re-
duce concat=range(2, 6))

2 Genotype(normal=[(’sep conv 5x5’, 0), (’max pool 3x3’, 1), (’sep conv 5x5’,
1), (’skip connect’, 0), (’skip connect’, 2), (’max pool 3x3’, 1), (’sep conv 5x5’,
3), (’sep conv 3x3’, 2)], normal concat=range(2, 6), reduce=[(’sep conv 5x5’,
0), (’skip connect’, 1), (’max pool 3x3’, 1), (’sep conv 5x5’, 2), (’dil conv 5x5’,
3), (’max pool 3x3’, 0), (’dil conv 3x3’, 1), (’max pool 3x3’, 2)], re-
duce concat=range(2, 6))

3 Genotype(normal=[(’sep conv 3x3’, 0), (’max pool 3x3’, 1), (’dil conv 5x5’,
2), (’dil conv 5x5’, 0), (’sep conv 5x5’, 3), (’sep conv 5x5’, 0), (’skip connect’,
3), (’skip connect’, 0)], normal concat=range(2, 6), reduce=[(’avg pool 3x3’,
0), (’sep conv 5x5’, 1), (’avg pool 3x3’, 1), (’dil conv 3x3’, 0), (’dil conv 5x5’,
3), (’sep conv 5x5’, 2), (’avg pool 3x3’, 1), (’dil conv 5x5’, 4)], re-
duce concat=range(2, 6))

4 Genotype(normal=[(’dil conv 5x5’, 0), (’sep conv 5x5’, 1), (’sep conv 3x3’, 2),
(’skip connect’, 0), (’sep conv 5x5’, 3), (’sep conv 5x5’, 0), (’avg pool 3x3’,
1), (’skip connect’, 0)], normal concat=range(2, 6), reduce=[(’max pool 3x3’,
1), (’skip connect’, 0), (’dil conv 5x5’, 1), (’dil conv 5x5’, 2), (’sep conv 5x5’,
0), (’sep conv 3x3’, 1), (’avg pool 3x3’, 1), (’skip connect’, 0)], re-
duce concat=range(2, 6))

5 Genotype(normal=[(’sep conv 5x5’, 1), (’sep conv 5x5’, 0), (’skip connect’,
2), (’sep conv 3x3’, 0), (’dil conv 5x5’, 2), (’dil conv 3x3’, 3), (’max pool 3x3’,
0), (’skip connect’, 2)], normal concat=range(2, 6), reduce=[(’max pool 3x3’,
0), (’dil conv 5x5’, 1), (’max pool 3x3’, 2), (’skip connect’, 0), (’dil conv 5x5’,
0), (’sep conv 5x5’, 3), (’sep conv 3x3’, 1), (’dil conv 5x5’, 3)], re-
duce concat=range(2, 6))

6 Genotype(normal=[(’avg pool 3x3’, 0), (’sep conv 5x5’, 1), (’sep conv 5x5’,
0), (’skip connect’, 1), (’dil conv 5x5’, 0), (’sep conv 5x5’, 1), (’skip connect’,
4), (’sep conv 5x5’, 0)], normal concat=range(2, 6), reduce=[(’dil conv 5x5’,
1), (’avg pool 3x3’, 0), (’avg pool 3x3’, 2), (’sep conv 5x5’, 0),
(’max pool 3x3’, 0), (’dil conv 5x5’, 2), (’sep conv 5x5’, 3), (’skip connect’,
0)], reduce concat=range(2, 6))
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Fig. 9. The softmax evolution when running DARTS on CIFAR-10 in S1 (k = 3)
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Fig. 10. The sigmoid evolution when running Fair DARTS with L′0−1 loss in S1
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Fig. 11. The sigmoid evolution when running Fair DARTS with single-level optimiza-
tion in S1
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Fig. 12. The sigmoid evolution when running Fair DARTS with bi-level optimization
in S1
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Fig. 13. The evolution of softmax(α) when running DARTS on CIFAR-10 in S1. Skip
connections on edge 0,2,4,5,11 in the normal cell and edge 4,7,8,11,12 in the reduction
cell gradually suppress others caused by unfair advantage
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Fig. 14. The evolution of σ(α) when running Fair DARTS on CIFAR-10 in S1. Skip con-
nections enjoy an equal opportunity under collaborative competition. See edge 1,8,12
in normal cell and almost all edges in reduction cell
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Fig. 15. The evolution of σ(α) when running DARTS on CIFAR-10 in S1 without
skip connections. With unfair advantages removed, all operations are encouraged to
demonstrate each real strength
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Fig. 16. The evolution of softmax(α) when running DARTS with the auxiliary loss
L0−1 enabled on CIFAR-10 in S1
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