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Hyperparameter Optimization (HPO)

Neural Architecture Search (NAS)
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Meta Learning
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Transfer Learning
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Bayesian optimization (BO)
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Algorithm 1 Sequential Model-Based Optimization .
Input: f, X', S, M
D + INITSAMPLES(f, X)
for i < |D|to T do
p(y |x, D) + FITMODEL(M, D)
X; ¢ arg max,cy S(x, p(y|x,D))

yi — f(xi) > Expensive step
D + D U (xi,yi)
end for
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z* = argmin f(z)
zeX
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Gaussian Processes (GP)

— e p(z) = oy exp(————)
ZrmHiRHh p(z) = (21)"5 | K| T exp (—%(a: —w)TK Yz — u))
z ~ N(u, K)
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I Related work

Gaussian Processes (GP)

=g f(®) ~ N(p(z), sz, z))
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pu(z) : R* - R® RIS(ERREIMean function, IREIZ MEERNIYE
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. RR x R _s REXE TG ZERREL Covariance Function, tHAUIZEREL Kernel Function)
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Gaussian Processes (GP)
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Bayesian optimization for NAS

Algorithm 1 NAS-BOWL Algorithm.
Optional steps of the exemplary use of motif-
based warm starting (Sec(3.2) are marked in
gray italics.

I: Input: Maximum BO iterations 7", BO batch
size b, acquisition function «f-), initial ob-
served data on the target task Dg, Optional:
past-task query data Dp,s and surrogate Spast

2: Qutput: The best architecture G

3: Initialise the GPWL surrogate S with Dy

4: fort=1,...,T do

5 if Pruning based on the past-task motifs

then

6: Compute the motif importance scores

(equation|3.4) with Spast/S on Dypast/Dt

7: while |G, < B do

8: Generate a batch of candidate archi-
tectures and refect those which contain
none of the top 25% good motifs (simi-
lar procedure as Fig. tH)

9: end while

10:  else

11: Generate B candidate architectures G

12:  endif

13: {Gt,,-}?:l = arg maXgeg, a¢(G|Di-1)
14:  Evaluate their validation accuracy {yt!i}?=1

15:  Dp 4+ Deoy U ({Gra}ils, {yeiti=1)
16:  Update the surrogate & with Dy

17: end for

18: Return the best architecture seen so far G
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é 0 Initialisation k
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Arch A Arch B

ArcA Arch B
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Bayesian optimization with deep kernel gaussian processes

{y-‘ NN(O ( K(’E’L) K(.IZL*))) kernel function £ : X x X — R

K(z, 2T K(z*, z%) K(z,2*)i; = k(xi, 5)

sziLLU%U‘ﬁ{EH*

1+§EH 1tH

nd [ mputing

Ely* | z*,2,y] = K(z*,2)K(z,2) "'y

covly* | *,z] = K(z*,2*) — K(z,2*)" K(z,2) "' K (2, 2*)

GPs are lazy models that rely on the similarity of the test instances to the training instances

via kernel functions k, such as the Matern kernel.

Unfortunately, typical kernels used with GPs are designed manually and rely on sub-optimal
assumptions.

A promising direction for designing powerful and efficient kernel functions that adapt to a
learning task is Deep Kernel Learning
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Bayesian
optimization

The embedding § for the deep fully connected neural network § : Rc.—> Rw

lfﬁrnel hi di
e architecture encoding Y  consists of a directed acyclic graph encoder (Zhang et al., 2019)

The dataset encoding d) consists of two stacked Set-Transformer (Lee et al., 2019) architectures.

The first Set-Transformer layer captures the interaction between
randomly sampled data points of the same class, whereas the second one
captures the interactions between the different classes of the dataset.
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Bayesian
optimization

Putting it all together the kernel/similarity between two architectures,
specifically x evaluated on dataset D, and x-evaluated on dataset D, is:

ke, Dx', Phw) = k(&( :w(x;w(d’)), ) (D;w(‘b))] ;w(f)),

6( :w(X';w(””)),qﬁ (D';w(¢>)] ;wts));w(k))
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The parameters w of the deep kernel are optimized jointly by maximizing the log

marginal likelihood of the GP surrogate on the meta training dataset:

argmax logp(y | x,D ; w)

w

xargmin  y! K~ (x, D;w) y + log | K (x, D; w)|.

w

Algorithm 1 Meta-learning our deep-kernel GPs

1

(NI ]

Require: meta-dataset M learning rates 1)sc;p. NREP:

inner update steps v.
while not converged do
Sample mini-batch from M:
N = By ey vk, Y = [v1,-- -, ¥, P =Dy, .-, Dy|
Lw) =y K~ (x.D;w)y + log |K(x.D; w)|
w’ — w
for j = 1tovdo
w' — w' — nsap Vi L(w")
Update w < w — nrep (w — w')
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Comparing TNAS to random search (RS) and the four different Bayesian optimization methods on six image

datasets
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TNAS is more efficient than
classical HPO methods
applied to NAS as well as
HPO methods specifically
adapted to NAS and
outperforms them in terms
of anytime-performance,
while achieving strong final
performance.



I Experiment

Comparison of TNAS to state-of-the-art NAS methods
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TNAS is competitive with
one-shot approaches in
terms of runtime
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Consistency of TNAS compared to
baselines

Rank
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(a) Ranking of TNAS across benchmarks.

Average Rank

X

X

# GPU hours
SETN a RS & HEBO
GDAS a GP + MetaD2A
PC-Darts a BANANAS + TNAS
DrNAS a NASBOWL

(b) Ranking (averaged across benchmarks) over the
course of runtime.
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TNAS consistently achieves
strong results, while the
existing state-of-the-art NAS
baselines have much higher
variance - their ranking
changes across benchmarks
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Ablation of the components of TNAS
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Ablation of the initial design and the initialization of TNAS

94.5

94.0

© W ©
Noow W
n o

Accuracy

©
B
=)

91.5

91.0

74

~ ~ ~
= N w

Accuracy

~
[=]

69

68

67

Random K init

RANDOM1+Metalearning
RANDOM2 +Metalearning
RANDOM3+Metalearning
RANDOM4 +Metalearning
RANDOMS5+Metalearning

1 25 50 75

100
# Trials

Random K init

RANDOM1+Metalearning
RANDOM2+Metalearning
RANDOM3+Metalearning
RANDOM4 +Metalearning
RANDOMS5+Metalearning

1 25 50 75 100

# Trials

94.5

94.0

93.5

Accuracy
© v v W
oo i
w o w o

=]
|
o

74

Accuracy
~
[

~
(=]

69

68

67

Top K init (from meta-training set)

—F

—— TOP1l+MetalLearning
~——— TOP2+Metalearning
—— TOP3+Metalearning
—— TOP4+Metalearning
—— TOP5+Metalearning

1 25 50 75
# Trials

100

Top K init (from meta-training set)

/

=
)

L7

—— TOP1l+Metalearning
~—— TOP2+Metalearning
—— TOP3+Metalearning
—— TOP4+Metalearning
—— TOP5+Metalearning

1 25 50 75 100

# Trials

94.5

94.0

Accuracy
0 (=)
W W
o (9]

[l
N
w

[(e]
N
o

915

91.0

74

~ ~ ~
— N w

Accuracy

~
o

69

68

67

ParN.C

MetalLearning vs NoMetalearning
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Comparison of TNAS to MetaD2A

predictor candidate architecture generation test-time adaptation
\Lee tal |{7071? (dataset, architecture) encoding, | GNN-based architecture generator, -
‘ il i MLP (deterministic prediction) select top-K based on predictor
G (dataset, architecture) encoding, BO, maximize ves, adapt GP predictor
g MLP, GP (probabilistic prediction) acquisition function w.r.t. new candidate evaluations
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74
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Figure 7: Comparison of TNAS to MetaD2A on the MobileNetV3 search space.
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Figure 8: Comparison of TNAS to MetaD2A in terms of the accuracy of the suggested architectures
to evaluate on the NASBench201 search space. For MetaD2A the architectures generated by its
architecture generator are evaluated sequentially based on MetaD2A’s predictor ranking. TNAS
adapts during the BO loop iterations, and thus suggests architectures conditioned on the previous
evaluations.
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Figure 9: Comparison of TNAS to MetaD2A in terms of the accuracy of the suggested architectures
to evaluate on the MobileNetV3 search space.
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