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1. Background & Motivation
1.1 Neural Architecture Search (NAS) 

• Three major elements of NAS:
• Search Space, Search Strategy, and Performance Estimation Strategy[1]

• One major problem :
• Performance estimation stage of each sub-architecture takes too much time !
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1. Background & Motivation
1.2 Predictor-based NAS methods:

• Objective: Learn a mapping relationship between architectures and their real performance
• Advantage: Largely reduce the search cost.
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1. Background & Motivation
1.3 Previous works of predictor-based NAS methods:

• Training-free: Compute different metrics over graph topology information as feature encodings.

• Training-based (focus): Different DNN backbones for feature encodings → regression.
• Sequence-based schemes:

• NAO[2], D-VAE[3], BANANAS[4] and so on.
• Graph-based methods:

• BONAS[5], InterpretableNAS[6], CTNAS[7] and so on.

• Drawbacks:
• Feature Encodings over graph-structure data are not good enough.
• Temporal evaluation information is ignored, which however, is useful.
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2. Contributions

• A Transformer-based NAS performance Predictor (TNASP) :
• Use graph Laplacian matrix as the positional encoding.
• Use multi-head self-attention mechanism to better encode features on graph data.

• A generic Self-Evolution (SE) framework :
• Leverage evaluation score as constraints to optimize.
• Make full use of temporal evaluation information.

• Achieve state-of-the-art results on 4 benchmark search spaces.



NeurIPS 2021

3. Method
3.1 A Transformer-based NAS Performance Predictor (TNASP) :

• Components: an encoder and a regressor
Ø Encoder: 3-layer Transformer Encoder
Ø Regressor: 2-layer MLP
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3. Method
3.2 Self-evolution framework:

• Our formulation:

• Use Lagrange Multiplier to convert as a minimax optimization problem:

Training Loss Evaluation Loss

Each previous evaluation as each constraint.

Auxiliary variables as the proxy of ground truth labels.
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3. Method
3.2 Self-evolution framework:

• Gradient-based iteratively updates:
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3. Method
3.2 Self-evolution framework:
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4. Experiments
4.1 Ranking results on NAS-Bench-101
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4. Experiments
4.2 Ranking results on NAS-Bench-201



NeurIPS 2021

4. Experiments
4.3 Search results on DARTS search space
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4. Experiments
4.4 Search results on ProxylessNAS search space
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Thank You !
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Extra Slides
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4. Experiments
4.1 Ranking results on NAS-Bench-101
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4. Experiments
4.3 Visual results on DARTS search space
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4. Experiments
4.4 Visual results on ProxylessNAS search space


