
Generate

Evaluated
Data

Predict
top k

evaluate &
collect

weighted
retraining

in

3x31x1

out

5) Experiments - Multi Objective

References

Conclusion4) Experiments - Single Objective4) Experiments - Single Objective3) Latent Space Optimization

2) Generative Search Algorithm - AG-Net1) Generator TrainingMotivation / Contribution

[4]

Learning Where To Look -
Generative NAS is surprisingly efficient

Jovita Lukasik*, Steffen Jung*, Margret Keuper

AG-Net improves over all SoTA methods not only at the last query of 300 data points, 
but is also almost any time better during the search process.
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Strengths
- Adaptable to different search spaces and
  objectives
- Fast: couple of minutes on CPU for the search 
- Sample-efficient

Weaknesses
- Pretraining of generator for each search space
- Sensitive to predictor performance

1. NAS-Bench-101: 423,624 architectures evaluated on CIFAR-10  
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Latent space
before LSO

Latent space
after LSO

0.0 0.5 1.0
Val. Acc.

evaluated: 0
= 0.839

max= 0.942

0.0 0.5 1.0
Val. Acc.

evaluated: 16
= 0.932

max= 0.946

0.0 0.5 1.0
Val. Acc.

evaluated: 48
= 0.934

max= 0.949

AG-Net provides SoTA results 
on all three datasets.

2. NAS-Bench-201: 15,625 architectures evaluated on CIFAR-10, CIFAR-100, 
ImageNet16

3. NAS-Bench-NLP: 14,322 sampled and evualated architectures on PTB in an   
RNN-derived benchmark (1053) 

4. NAS-Bench-301 / DARTS:~60k sampled and evaluated architectures on 
CIFAR-10 in the DARTS search space (1018) 

Paper
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Existing neural architecture search (NAS) methods are expensive and require to
evaluate numerous architectures for their performance. So, how can we find well-
performing architectures efficiently?
Our idea: We finetune the latent space of a generative model in a weighted
retraining manner such that it learns to directly generate well-performing
architectures

Our contributions are as follows:
1. Efficient generative model without an encoder network.
2. First algorithm optimizing architecture latent space in NAS directly.
3. State-of-the-art results on several NAS benchmarks and on ImageNet.

Generator  pG(z) takes a randomly sampled variable z ~N(0,1) as input and learns to
reconstruct a randomly sampled graph G from the architecture search space pD.
Training procedure: The generator generates in the first step the input node, which is then
the input to a GNN. This GNN generates a partial graph representation. The input variable z
and the latter graph representation are then used for an iterative generation process to
generate node and edge scores until the output node is generated. The output graph is then
compared to the randomly sampled graph.  

We use the pretrained generator to generate architectures and
use a surrogate prediction model to predict architecture
performance or latency. 

1. The surrogate model is trained together with the generator 
on a small initial training data set (16 training instances) for  
the combined objective of reconstruction and prediction in a 
weighted retraining manner. 
2. The generator generates a set of unique architectures. 
3. The surrogate model predicts e.g. the architecture's 
performance.
4. The predicted best top k architectures are selected for 
ground truth evaluation and added to the training data set. 

This iterative training and evaluation process stops until a 
maximal query budget (300 architectures) is reached.  

Weighted retraining [1] is used for latent space optimization. By
weighting each training data by a weight w we place more
probability mass on points (in this case architectures with high
accuracy). Important to note here ist, that LSO does not
discard low-scoring points from the training set, which would be
inadequate for proper learning. 

Evaluation on validation perplexity. AG-Net 
improves over all sota methods by a 
substantial margin. Note, surrogate 
benchmark used for the search process [5].

Search in the DARTS search 
space based on the 
surrogate Benchmark NAS-
Bench-301 [7]. Our method is 
comparable to sota methods

ImageNet experiments: Instead of searching 
and evaluating 300 different architectures use a 
different approach.
1. retrain best found architectures  from NAS-
Bench-301.
2.Use training-free measurements from TENAS 
[8] (neural tangent kernel (NTK) and number of 
linear regions (NLR)).
As a result our method is highly efficient and 
outperforms other methods in terms of needed 
GPU days. Using the training-free methods 
even improves over top-1 and top-5 error rates.

Hardware-Aware NAS-Bench: NAS-Bench-201 with latency information for 
different devices [9]

Joint optimization (joint=1): high accuracy and low 
latency.

Constrained optimization (joint=0): high accuracy and 
constrained latency.

Code


