
The contributions are: 
1. SuperFedNAS: A federated NAS method that searches/trains rich 

diversity of DNN archs for efficient inference.
2. Satisfies k deployment targets in O(1) cost. Decouples train and 

search in federated NAS. 
3. Maxnet: A novel training algorithm optimizes a novel objective to 

train supernets in FL and reduce interference.
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Challenges in Federated NAS

Related Works

Federated Training of Supernet Evaluation
C1: Prohibitively Expensive to Satisfy Multiple Inference Deployments
C2: Don’t Produce Optimal DNNs that satisfy deployment targets 
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Send Subnets 𝒢 𝑊, 𝛼!  ⊏ 𝑊 To clients 

Naïve Approaches 

1. Clients use Progressive 
Shrinking (OFA ICLR’20) to train 
Supernets locally.

2. Aggregation is FedAvg of 
Supernet Weights (W)

1. Sampling and Assignment of 
subnets to clients is random.

2. Aggregation with parameter-wise 
cardinal averaging based on overlap 
of 𝒢 𝑊, 𝛼!  .

Naïve Approaches vs FedAvg 
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Takeaways
1. Multi-Stage Supernet FL Training has high training costs.
2. Both naïve methods suffer from slow convergence and sub-optimal 

accuracy due to interference. Don’t Solve C1 and C2. 

Maxnet: Novel Supernet FL-Training Technique 
Single-Stage Paradigm (Solves C1). Optimizes a novel objective that:
1. Improves worst-performing DNN arch on each data partition. 
2. Samples DNN archs based on overlap 𝒢 𝑊, 𝛼!  ⊏ 𝑊 & DNN arch. Loss

Image Datasets
12 A. Khare et al.

Billion MACs Method Test Accuracy (%)
CIFAR10 CIFAR100 CINIC10

0.45-0.95

FedAvg 85.25± 0.46 43.19± 0.54 61.76± 0.78
FedNAS 77.33± 0.31 40.92± 2.21 58.15± 0.18

FedPNAS 88.83± 0.5 45.77± 0.68 64.3± 0.98
SuperFedNAS 89.42± 0.1189.42± 0.1189.42± 0.11 56.35± 0.356.35± 0.356.35± 0.3 73.12± 0.7773.12± 0.7773.12± 0.77

0.95-1.45
FedAvg 86.36± 0.22 43.92± 0.57 63± 0.17

FedPNAS 89.27± 0.51 47.8± 26 66.74± 0.32
SuperFedNAS 90.22± 0.3190.22± 0.3190.22± 0.31 57.16± 0.2357.16± 0.2357.16± 0.23 74.5± 0.7474.5± 0.7474.5± 0.74

1.45-2.45
FedAvg 87.59± 0.27 44.4± 0.56 64± 0.07
FedNAS 86.41± 0.1 55.82± 0.29 69.97± 0.27

SuperFedNAS 90.93± 0.2390.93± 0.2390.93± 0.23 57.85± 0.3157.85± 0.3157.85± 0.31 75.08± 0.775.08± 0.775.08± 0.7

2.45-3.75
FedAvg 89.44± 0.67 45± 0.27 66.02± 0.13
FedNAS 89.43± 0.36 58.39± 0.23 71.93± 0.13

SuperFedNAS 91.34± 0.391.34± 0.391.34± 0.3 58.25± 0.3958.25± 0.3958.25± 0.39 75.38± 0.7375.38± 0.7375.38± 0.73

Table 3: Image Datasets Comparison. Su-

perFedNAS compared with FedAvg, FL-NAS

methods on image datasets for different MAC

targets. SuperFedNAS consistently outperforms

the baselines.

Million MACs Method Test Accuracy (%)

0-0.5 FedAvg 48.52± 0.11
SuperFedNAS 48.22± 0.27

0.5-1 FedAvg 49.17± 0.02
SuperFedNAS 49.81± 0.1649.81± 0.1649.81± 0.16

1-1.5 FedAvg 51.94± 0.03
SuperFedNAS 53.26± 0.0653.26± 0.0653.26± 0.06

1.5-2.75 FedAvg 53.48± 0.09
SuperFedNAS 54.59± 0.1554.59± 0.1554.59± 0.15

2.75-4.0 FedAvg 53.62± 0.1
SuperFedNAS 54.61± 0.1354.61± 0.1354.61± 0.13

Table 4: Text Dataset Comparison.
Comparison on tough FL setting: Shake-

speare dataset [8], C=4%, non-iidness,

K=660 partitions. SuperFedNAS finds effi-

cient DNN archs under tough FL setting.

Billion MACs Method Test Accuracy (%)
non-iid=100 non-iid=1 non-iid=0.1

0.45-0.95

FedAvg 85.25± 0.46 83.42± 0.19 77.15± 2.5
FedNAS 77.33± 0.31 71.38± 0.37 51.57± 3.32

FedPNAS 88.83± 0.5 85.7± 0.4 78.73± 0.45
SuperFedNAS 89.42± 0.1189.42± 0.1189.42± 0.11 88.69± 0.288.69± 0.288.69± 0.2 81.81± 1.5981.81± 1.5981.81± 1.59

0.95-1.45
FedAvg 86.36± 0.22 84.65± 0.11 77.99± 1.6

FedPNAS 89.27± 0.51 87.53± 0.32 81.13± 0.4
SuperFedNAS 90.22± 0.3190.22± 0.3190.22± 0.31 89.3± 0.3589.3± 0.3589.3± 0.35 83.27± 1.2883.27± 1.2883.27± 1.28

1.45-2.45
FedAvg 87.59± 0.27 86.14± 0.23 79.93± 1.34
FedNAS 86.41± 0.1 82.13± 0.65 65.03± 2.57

SuperFedNAS 90.93± 0.2390.93± 0.2390.93± 0.23 90.36± 0.2190.36± 0.2190.36± 0.21 84.1± 1.7184.1± 1.7184.1± 1.71

2.45-3.75
FedAvg 89.44± 0.67 87.88± 0.7 81.24± 1.99
FedNAS 89.43± 0.36 85.85± 0.35 68.13± 5.04

SuperFedNAS 91.34± 0.391.34± 0.391.34± 0.3 90.91± 0.1590.91± 0.1590.91± 0.15 84.72± 1.7884.72± 1.7884.72± 1.78

Table 5: Non-iidness Comparison. Compar-

ison across varying non-iidness on CIFAR10. Su-

perFedNAS outperforms baselines as it adapts

DNN archs to non-iidness due to optimization of

Obj. 5.

Billion MACs Method Test Accuracy (%)
C=0.2 C=0.4

0.45-0.95

FedAvg 85.59± 0.59 85.25± 0.46
FedNAS 76.23± 0.5 77.33± 0.31

FedPNAS 86.63± 0.51 88.83± 0.5
SuperFedNAS 89.58± 0.589.58± 0.589.58± 0.5 89.42± 0.1189.42± 0.1189.42± 0.11

0.95-1.45
FedAvg 87.01± 0.24 86.36± 0.22

FedPNAS 87.83± 0.21 89.27± 0.51
SuperFedNAS 89.95± 0.5789.95± 0.5789.95± 0.57 90.22± 0.3190.22± 0.3190.22± 0.31

1.45-2.45
FedAvg 88.04± 0.31 87.59± 0.27
FedNAS 84.65± 0.14 86.41± 0.1

SuperFedNAS 90.7± 0.4890.7± 0.4890.7± 0.48 90.93± 0.2390.93± 0.2390.93± 0.23

2.45-3.75
FedAvg 89.96± 0.65 89.44± 0.67
FedNAS 88± 0.38 89.43± 0.36

SuperFedNAS 91.16± 0.4591.16± 0.4591.16± 0.45 91.34± 0.391.34± 0.391.34± 0.3

Table 6: Client Participation. Com-

parison w.r.t. C=0.2,0.4 on CIFAR10

dataset. SuperFedNAS outperforms base-

lines. MaxNet’s subnet sampling effec-

tively optimizes Obj. 5 at low C.

and 4% client participation. Tab. 4 compares SuperFedNAS with FedAvg on
Shakespeare dataset derived from LEAF [8]9.
Takeaway. SuperFedNAS outperforms FedAvg on shakespeare dataset, is upto
1.29% more accurate. Even under tough FL settings, SuperFedNAS benefits
from automating the design and training of DNN architectures (§1).
Comparison on Non-iidness. We evaluate if SuperFedNAS adapts to different
data distributions in FL. Tab. 5 compares SuperFedNAS with the baselines on
different degrees of non-iidness (0.1, 1, 100). We use CIFAR10 dataset for this
experiment divided into K=20 partitions with 40% client participation.
Takeaway. SuperFedNAS outperforms the baselines on varied degrees of non-
iidness at multiple MAC targets. Particularly, the superiority of SuperFedNAS
w.r.t. accuracy is more at extreme non-iidness (0.1). This is because SuperFedNAS
benefits from adapting its DNN architectures to different data distributions by
optimizing Obj. 5 and explicitly improving the worst-performing subnets (§3.3).
Effect of Client Participation. We evaluate the efficacy of SuperFedNAS
under different client participation in FL (C=0.2,0.4) on CIFAR10 divided into

9 FedNAS, FedPNAS only release their DNN architectures for image datasets.
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• SuperFedNAS specializes 
DNN archs for different 
deployment targets

• Solves C2
• Wide/Deep DNN for GPU
• Thin/Shallow DNN for CPU8 A. Khare et al.

DNN Arch.2 A Method Test Accuracy (%)
non-iid=100 non-iid=1 non-iid=0.1

Smallest

FedAvg 85.25± 0.46 83.42± 0.19 77.15± 2.5
Single-Staged Supernet FL 84.6± 0.19 83.17± 0.12 76.28± 1.31
Multi-Staged Supernet FL 84.53± 0.58 82.82± 0.34 76.26± 2.35

MaxNet 89.42± 0.1189.42± 0.1189.42± 0.11 88.69± 0.288.69± 0.288.69± 0.2 81.81± 1.5981.81± 1.5981.81± 1.59

Largest

FedAvg 89.44± 0.67 87.88± 0.7 81.24± 1.99
Single-Staged Supernet FL 87.14± 0.2 86.03± 0.26 80.02± 2.07
Multi-Staged Supernet FL 86.45± 0.53 85.02± 0.32 78.57± 2.48

MaxNet 91.34± 0.391.34± 0.391.34± 0.3 90.91± 0.1590.91± 0.1590.91± 0.15 84.72± 1.7884.72± 1.7884.72± 1.78

Table 2: Naive Supernet FL-Training Accuracy Comparison. Test Accuracy
compared on CIFAR10 dataset paritioned with different levels of non-iidness among 20
clients, 40% client-participation. MaxNet outperforms the naive supernet FL-Training
methods (single/multi). The naive methods are inferior to FedAvg.

Fig. 3: Naive Supernet FL-Training Cost/Convergence Comparison. Communi-
cation/Computational cost (left,middle) are compared for naive supernet FL approaches
with FedAvg training of largest/smallest subnet. The right plot compares convergence
over 1500 rounds. Naive-methods have slow convergence and high training cost.
partial weights of the supernet (in the form of subnets) to each client that leads
to communication cost savings (|G(W,↵i)|  |W |). The multi-stage method
has more computational cost as PS that runs locally samples more than one
architecture in each iteration (PS [6] samples 4 subnets in each minibatch),
while, single-stage method trains only one architecture locally (Fig. 2).
• Multi-stage method’s communication cost is the same as the cost of training
the largest network using FedAvg. This is because the largest subnet sub-
sumes all parameters of the supernet (max↵i |G(W,↵i)| = W ) and clients re-
ceive all parameters of the supernet in both the methods. Single-stage naive
method’s communication cost lies between the cost of FedAvg training of the
smallest/largest subnet as partial parameters are sent to clients in each round
(min↵i |G(W,↵i)| < 1/M ⇤

P
↵i

|G(W,↵i)| < max↵i |G(W,↵i)|).
Accuracy Comparison. As seen in Tab. 2, both the naive supernet FL-training
methods fail to match the test accuracy of the smallest or largest subnets trained
without weight sharing using FedAvg. Hence, the naive methods don’t provide
optimal DNN architectures (don’t solve C2). We attribute the following reasons
to the sub-optimal accuracy of naive supernet FL-training methods:
• Interference. The accuracy of the largest subnet in naive supernet FL-training
methods is sub-par accuracy compared to FedAvg. We argue this is because of
interference: phenomena also observed in centralized supernet training methods
[6, 40] where smaller subnets affect the accuracy of larger subnets.
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