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Abstract

Model-agnostic meta-learning (MAML) and its variants
have become popular approaches for few-shot learning.
However, due to the non-convexity of deep neural nets
(DNNs) and the bi-level formulation of MAML, the theo-
retical properties of MAML with DNNs remain largely un-
known. In this paper, we first prove that MAML with over-
parameterized DNNs is guaranteed to converge to global
optima at a linear rate. Our convergence analysis indicates
that MAML with over-parameterized DNNs is equivalent
to kernel regression with a novel class of kernels, which
we name as Meta Neural Tangent Kernels (MetaNTK).
Then, we propose MetaNTK-NAS, a new training-free neu-
ral architecture search (NAS) method for few-shot learn-
ing that uses MetaNTK to rank and select architectures.
Empirically, we compare our MetaNTK-NAS with previ-
ous NAS methods on two popular few-shot learning bench-
marks, miniImageNet, and tieredImageNet. We show that
the performance of MetaNTK-NAS is comparable or bet-
ter than the state-of-the-art NAS method designed for few-
shot learning while enjoying more than 100x speedup. We
believe the efficiency of MetaNTK-NAS makes itself more
practical for many real-world tasks. Our code is released
at github.com/YiteWang/MetaNTK-NAS.

1. Introduction
Meta-learning, or learning-to-learn (LTL) [59], has re-

ceived much attention due to its applicability in few-shot
image classification [23, 69], meta reinforcement learning
[18, 23, 62], and other domains such as natural language
processing [8,78] and computational biology [43]. The pri-
mary motivation for meta-learning is to fast learn a new task
from a small amount of data, with prior experience on sim-
ilar but different tasks. There are a few meta learning ap-
proaches designed for few shot image classification, such
as metric-based [57, 63], model-based [45, 56], optimizer-
based [39,52]. Model-agnostic meta-learning (MAML) is a
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popular gradient-based meta-learning approach, due to its
simplicity and good performance in many meta-learning
tasks [18, 19]. MAML formulates a bi-level optimiza-
tion problem, where the inner-level objective represents the
adaption to a given task, and the outer-level objective is
the meta-training loss. There are many variants of MAML,
[20, 21, 31, 46, 51], and they are almost always applied to-
gether with deep neural networks (DNNs) in practice.

Even though MAML with DNNs is empirically success-
ful, this approach still lacks a thorough theoretical under-
standing. For example, the most common practice is to use
gradient descent approach (e.g., SGD or Adam [34]) to train
MAML with DNNs, and the optimization can usually ob-
tain almost zero training loss and 100% training accuracy
(i.e., global convergence) with suitable hyper-parameters
[3, 19]. However, prior theoretical works could not account
for the global convergence of MAML trained with gradient
descent on non-linear neural nets of more than two layers.
Hence, a crucial question that remains unknown for MAML
optimization is:

Can MAML with DNNs converge to global minima?
This question motivates us to analyze the optimization

properties of MAML with DNNs, and we provide a posi-
tive answer with rigorous theoretical analysis. Briefly, for
over-parameterized DNNs, we analyze the optimization tra-
jectory of MAML with square loss and prove that the train-
ing loss is guaranteed to converge to zero at a linear rate.
Additionally, in this convergence analysis, we find the DNN
trained by MAML can be described by a kernel regression,
with a novel class of kernels that we name as Meta Neural
Tangent Kernels (MetaNTK).

One may wonder whether our theory has any practical
implications. Intuitively, our theory reveals that MetaNTK
is closely related to the performance of MAML. To demon-
strate the practical value of our theory, we provide a con-
crete use case of MetaNTK: MetaNTK can help us effi-
ciently find neural net architecture for few-shot learning.

Most meta-learning algorithms adopt standard network
structures such as ConvNets [36], ResNets [22] and Wide
ResNets [79] for few-shot image classification, the most
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popular task to benchmark meta-learning. However, these
network structures were developed on supervised learning
benchmarks such as CIFAR [35], and ImageNet [12], and
recently, it has been shown that these popular structures
actually overfit to the supervised learning task on these
datasets [54]. This indicates that the popular network struc-
tures may not be optimal for tasks other than supervised
learning, such as few-shot learning. Thus, one may natu-
rally consider neural architecture search (NAS) [15, 42, 81]
to automatically search for neural net architectures that are
suitable for few-shot learning. To this end, prior works
[16, 32, 40] designed NAS methods specific for few-shot
learning, but they require substantial computational cost
(e.g., the search cost of [32] and [16] on mini-ImageNet is
100 and 7 GPU days, respectively; the training of [40] takes
150 GPU days on miniImageNet), which makes them im-
practical for many real-world tasks and not environmental-
friendly [13, 74]. Hence, a natural question is:

Can we accelerate NAS for few-shot learning to have
much lower or even negligible search cost (compared to
training cost)?

We provide an efficient solution to this quest, MetaNTK-
NAS, which is inspired by the MetaNTK we derive in our
global convergence analysis of MAML. Briefly, we use the
condition number of MetaNAK as an indicator for the train-
ability of networks under MAML. Since MetaNTK is di-
rectly computed at initialization, no training is needed in
the search stage, leading to a surprisingly small search cost
(e.g., less than 0.07 GPU day on mini-ImageNet).

Our main contributions are summarized below:
• Global Convergence and Induced Kernels of MAML1:

We prove that with over-parameterized DNNs (i.e., DNNs
with a large number of neurons in each layer), MAML is
guaranteed to converge to global optima with zero train-
ing loss at a linear rate. The key to our proof is to de-
velop bounds on the gradient of the MAML objective,
and then analyze the optimization trajectory of DNN pa-
rameters trained under MAML. Furthermore, we show
that in the over-parameterization regime, the output of
MAML-trained networks becomes equivalent to the out-
put of a special kernel regression with a new class of ker-
nels, Meta Neural Tangent Kernels (MetaNTK).

• Theory-Inspired Efficient NAS for Few-Shot Learn-
ing: We propose MetaNTK-NAS, a new NAS method
for few-shot learning that takes advantage of MetaNTK.
Briefly, it uses the condition number of the MetaNTK
of each network as an indicator for its trainability under
meta-learning. Empirically, our MetaNTK-NAS is com-
parable or better than MetaNAS [16], the state-of-the-
art NAS method for few-shot learning, on both miniIm-
ageNet and tieredImageNet, while consuming 100x less
cost in the search process.

1This part was also presented in a prior tech report of ours [65].

2. Related Works
Meta-Learning Optimization. The MAML family

(i.e., MAML [19] and its variants) is a popular approach
for meta-learning. Several recent works theoretically ana-
lyze MAML or its variants in the case of convex objectives
[5, 7, 20, 24, 31, 75]. However, neural nets are non-convex,
so these works do not account for common practices of
MAML with neural nets. On the other hand, [17,28,51,80]
consider the non-convex setting, but they only provide con-
vergence to stationary points. Since stationary points can
have high training/test error, the convergence to them is not
very satisfactory. In particular, [67] proves the global con-
vergence of MAML for a special class of two-layer net-
works that has frozen last layers with binary weight val-
ues. The unrealistic setting of [67] makes its results much
weaker than our work, where our analysis is compatible
with any depth and has no restriction on layer weight val-
ues. Notably, the MAML family shares similarities with
multi-task learning from an optimization perspective [66].

Neural Tangent Kernels. Recently, there is a line of
works studying the optimization of neural networks in the
setting of supervised learning, e.g., [2, 14, 26, 30, 47], and
many of them are restricted to two-layer networks. No-
tably, [26] proves that gradient flow on infinitely wide neu-
ral nets of any depth is guaranteed to converge to global op-
tima, while its training dynamics can be described by kernel
regression with neural tangent kernels (NTK). Further, [37]
relaxes some assumptions of [26], and proves that gradient
descent on finitely wide neural nets of any depth also enjoys
global convergence as long as the width is large enough and
the learning rate is sufficiently low. Notice that these works
are tailored for supervised learning, thus it is unknown if
global convergence is also guaranteed in other problems us-
ing neural networks. In this work, we leverage the tools
of NTK from [26, 37] to analyze MAML in the few-shot
learning setting, and our analysis can be easily generalized
to other variants of MAML such as [9, 50, 51].

Neural Architecture Search. Neural Architecture
Search (NAS) is proposed to automate neural architecture
discovery to replace cumbersome manual designs for vari-
ous deep learning tasks. Early works successfully utilize re-
inforcement learning [6,81] and evolutionary algorithm [53]
to find high-performance architectures. However, most of
these methods are computationally expensive. To enable
efficient architecture search, DARTS [42] proposed con-
tinuous relaxation of the architecture representation to al-
low search via gradient descent. Unfortunately, DARTS is
hard to optimize and may suffer from performance degra-
dation due to its weight-sharing strategy [68, 77]. To fur-
ther accelerate architecture search, [44] proposed training-
free NAS to evaluate randomly initialized architectures,
thus fully eliminating neural network training during the
search. Some following training-free methods propose to
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search with NTK [11, 72], linear regions [11] and pruning-
related criterion [1]. On the other hand, there are a few
works applying NAS to few-shot learning using some meta-
learning algorithms. [32] apply progressive neural architec-
ture search to few-shot learning and [16,40] adopt DARTS-
variants. But these approaches are very costly (e.g., [32,40]
take more than 100 GPU days and [16] takes over 1 GPU
week), thus it remains unexplored how to efficiently apply
NAS to few-shot learning.

3. Preliminaries
Few-Shot Learning Consider a few-shot learning prob-
lem with a set of training tasks that contains N supervised-
learning tasks {Ti}Ni=1. Each task is represented as

Ti = (Xi, Yi, X
′
i, Y

′
i ) ∈ Rn×d × Rnk × Rm×d × Rmk,

where (Xi, Yi) represents n query samples (i.e. test samples
of Ti) with corresponding labels, while (X ′i, Y

′
i ) represents

m support samples (i.e. training samples of Ti) with labels.
Then, we denote

X = (Xi)
N
i=1,Y = (Yi)

N
i=1,X ′ = (X ′i)

N
i=1,Y ′ = (Y ′i )Ni=1.

In few-shot learning, {Ti}Ni=1 are training tasks for meta-
learners to train on (i.e., for meta-training). In the evaluation
stage, an arbitrary test task T = (X,Y,X ′, Y ′) is picked,
and the labeled support samples (X ′, Y ′) are given to the
trained meta-learner as input, then the meta-learner is asked
to predict the labels of the query samplesX from T . Notice
that this few-shot learning problem above can also be called
a n-shot k-way learning problem.

Neural Net Setup Consider a neural network fθ with L
hidden layers, where parameters θ ∈ RD. For i ∈ [L], we
use li to denote the width of the i-th hidden layer. Without
loss of generality, we consider all hidden layers have the
same width2, i.e., l1 = l2 = · · · = lL = l. We consider the
parameters θ are Gaussian initialized3, with details shown
in Appendix A.

MAML The algorithm of MAML is shown in Algorithm
1. For simplicity, it shows MAML with one inner-loop up-
date step, while our theory is compatible with arbitrary steps
of inner-loop update (e.g., Line 5 of Algorithm 1 can be
modified to have multiple gradient descent steps). For con-
venience, we define a meta-output function F as the out-
put of the model f with adapted parameters. For MAML
with one inner-loop step, the meta-output on arbitrary task
T = (X,Y,X ′, Y ′) is

Fθ(X,X
′, Y ′) = fθ′(X), s.t. θ′ = θ −∇θ`(fθ(X ′), Y ′)

(1)

2This same-width assumption is not a necessary condition. One can
also define l = min {li}Li=1 instead and all theoretical results in this paper
still hold true.

3Kaiming initialization [22]is also a kind of Gaussian initialization.

Algorithm 1 MAML for Few-Shot Learning (version of
one inner-loop step)

Require: {Ti}Ni=1: Training Tasks
Require: η, λ: Learning rate hyperparameters

1: Randomly initialize θ
2: while not done do
3: for all Ti do
4: Evaluate the loss of fθ on support samples of Ti:

`(fθ(X
′
i), Y

′
i )

5: Compute adapted parameters θ′i with gradient descent:
θ′i = θ − λ∇θ`(fθ(X ′i), Y ′i )

6: Evaluate the loss of fθ′i on query samples of Ti:
`(fθ′i(Xi), Yi)

7: end for
8: Update parameters with gradient descent:

θ ← θ − η∇θ
∑N
i=1 `(fθ′i(Xi), Yi)

9: end while

where fθ′(X) = (fθ′(x))x∈X is the concatenation of model
outputs on all samples in X .

In this paper, we consider the square loss function
`(ŷ, y) = 1

2‖ŷ − y‖22 for convenience. Then the MAML
training loss is

L(θ) =
1

2

∑
i∈[N ]

‖Fθ(Xi, X
′
i, Y

′
i )− Yi‖

2
2

=
1

2
‖Fθ(X ,X ′,Y ′)− Y‖22 (2)

where Fθ(X ,X ′,Y ′) = (Fθ(Xi, X
′
i, Y

′
i ))

N
i=1 is the con-

catenation of meta-outputs.

Second-Order Gradient (Hessian) in MAML It is well
known that gradient descent on the MAML objective (2)
induces Hessian terms. For example, for MAML with one
inner-loop step such as (1), the gradient of objective (2) is

∇θL(θ) =
∑
i∈[N ]

∇θFθ(Xi, X
′
i, Y

′
i ) (Fθ(Xi, X

′
i, Y

′
i )− Yi)

=
∑
i∈[N ]

(
I −∇2

θ`(fθ(X
′), Y ′)

)
∇θ′fθ′(Xi)

· (Fθ(Xi, X
′
i, Y

′
i )− Yi) (3)

where ∇2
θ`(fθ(X

′), Y ′) ∈ RD×D is a Hessian term. Mod-
ern neural nets typically have millions of parameters, e.g.,
D > 107 in ResNet-12 [22] that is commonly used in re-
cent few-shot learning works [38, 60]. Thus the Hessian
terms usually have huge computation and memory cost.

4. Theoretical Results

Notation. For notational convenience, we denote the
Jacobian of the meta-output on training data as J(θ) =
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∇θFθ(X ,X ′,Y ′), and define a kernel function,

Φ̂θ(·, ∗) :=
1

l
∇θFθ(·)∇θFθ(∗)> , (4)

which we name as Meta Neural Tangent Kernel function
(MetaNTK). As the width l approaches infinity, for Gaus-
sian randomly initialized parameters θ0, the kernel function
Φ̂θ0(·, ∗) becomes a deterministic function independent of
θ0 (proved by Lemma 3 in Appendix B), denoted as

Φ(·, ∗) := lim
l→∞

Φ̂θ0(·, ∗) (5)

For convenience, we denote Ft(·) , Fθt(·), ft(·) , fθt(·)
and Φ̂t(·, ∗) , Φ̂θt(·, ∗). For any diagonalizable matrix M ,
we use σmin(M) and σmax(M) to denote its least and largest
eigenvalues.

4.1. Global Convergence of MAML

Suppose the neural network is sufficiently over-
parameterized, i.e., the width of hidden layers, l, is large
enough. Then, we prove that gradient descent on the
MAML objective (2) is guaranteed to converge to global
optima with zero training loss at a linear rate. The detailed
setup, assumptions, and proof can be found in Appendix B.
We provide a simplified theorem below.

Theorem 1 (Global Convergence). Define Φ =
liml→∞

1
l J(θ0)J(θ0)T and η0 = 2

σmax(Φ)+σmin(Φ) . For
arbitrarily small δ > 0, and there exist R > 0, l∗ ∈ N,
and λ0 > 0, such that: for width l ≥ l∗, running gradient
descent with learning rates η < η0

l and λ < λ0

l over
random initialization, the following upper bound on the
training loss holds true with probability at least 1− δ:

L(θt) =
1

2
‖Fθt(X ,X ′,Y ′)− Y‖22

≤
(

1− η0σmin(Φ)

3

)2t

R . (6)

Main Proof Ideas Here, we depict the big picture of our
global convergence proof for MAML with DNNs. To prove
the global convergence of MAML with DNNs, we first ob-
tain Lemma 1 (shown in Appendix B), which indicates that
the Jacobian of the meta-output, J , changes locally in a
small region under perturbations on initial network parame-
ters. Then, we analyze the training dynamics of MAML and
show that the parameter movement during training is con-
fined in a small region. Hence, the Jacobian is stable across
training, indicating the loss landscape is almost quadratic
in the local neighborhood of initialization. Importantly, we
find that for sufficiently large width, there definitely exists
a global minimum with zero training loss inside the neigh-
borhood of any parameter initialization θ0. As a result, the

almost quadratic loss landscape guarantees that gradient de-
scent with a sufficiently small learning rate will reach this
global minimum in the neighborhood at a linear rate.

Challenges Even though the big picture of our global
convergence proof for MAML may look intuitive and sim-
ple, there exist several severe challenges in the analysis that
do not appear in the supervised learning setting. Here we
give one example of the challenges we deal with in the anal-
ysis: MAML is a bi-level optimization problem, and each
(outer-loop) gradient descent step on its training objective
(2) consists of (multiple) inner-loop gradient descent steps.
Hence, the Jacobian (i.e., the gradient of the meta-output)
consists of Hessian (i.e., second-order gradient) terms that
do not exist in supervised learning models, and these Hes-
sian terms appear in the form of matrix exponentials. In or-
der to prove the local stability of the Jacobian (i.e., Lemma
1), we utilize non-trivial theoretical tools on matrix expo-
nentials [29, 61] that can tackle this challenge.

4.2. Equivalence between MAML and Kernels

Analytical Expression of Meta-Output. In the setting
of Theorem 1, the training dynamics of the MAML can be
described by a differential equation

dFt(X ,X ′,Y ′)
dt

= −η Φ̂0(Ft(X ,X ′,Y ′)− Y) (7)

where we denote Φ̂0 ≡ Φ̂θ0((X ,X ′,Y ′), (X ,X ′,Y ′)) and
Ft ≡ Fθt for convenience. Notice that (7) is a first-order
ODE. The solution of this ODE gives rise to the analytical
expression of Ft on arbitrary task T = (X,Y,X ′, Y ′),

Ft(X,X
′, Y ′) = F0(X,X ′, Y ′) (8)

+Φ̂0(X,X ′, Y ′)T η
Φ̂0

(t) (Y − F0(X ,X ′,Y ′))

where Φ̂0(·) ≡ Φ̂θ0(·, (X ,X ′,Y ′)) and T η
Φ̂0

(t) =

Φ̂−1
0

(
I − e−ηΦ̂0t

)
are shorthand notations.

Here, we provide a formal definition of NTK [26, 37],
which will be used shortly.

Definition 1 (NTK). For any neural net function f : Rk 7→
R with randomly initialized parameters θ0, its neural tan-
gent kernel function is defined as Θ̂0(·, ∗) ≡ Θ̂θ0(·, ∗) :=
∇θ0fθ0(·)∇θ0fθ0(∗)>, and it converges to a deterministic
kernel as the width l approaches infinity [26, 37],

Θ(·, ∗) = lim
l→∞

Θ̂0 (9)

Below, we provide an analytical expression of Meta Neu-
ral Tangent Kernel (MetaNTK) for MAML in the infinite
width limit, indicating that the kernel function Φ defined in
(5) can be equivalently viewed as a composite kernel func-
tion built upon NTK function Θ(·, ∗). The derivation of this
expression can be found in Lemma 3 in Appendix B.
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Definition 2 (MetaNTK in the Infinite Width Limit). As the
width l approaches infinity, MetaNTK can be expressed as
Φ ≡ Φ((X ,X ′), (X ,X ′)) ∈ RknN×knN , which is a block
matrix that consists of N ×N blocks of size kn × kn. For
i, j ∈ [N ], its (i, j)-th block is

[Φ]ij = φ((Xi, X
′
i), (Xj , X

′
j)) ∈ Rkn×kn, (10)

where φ : (Rn×k ×Rm×k)× (Rn×k ×Rm×k)→ Rnk×nk
is a kernel function defined as

φ((·, ∗), (•, ?)) (11)

= Θ(·, •) + Θ(·, ∗)T̃λΘ(∗, τ)Θ(∗, ?)T̃λΘ(?, τ)>Θ(?, •)

−Θ(·, ∗)T̃λΘ(∗, τ)Θ(∗, •)−Θ(·, ?)T̃λΘ(?, τ)>Θ(?, •).

The following theorem shows that as the width of neural
nets approaches infinity, MAML becomes equivalent to a
special kernel regression with the MetaNTK of Definition 2.
The proof is provided in Appendix D.

Theorem 2 (MAML as Kernel Regression). Suppose learn-
ing rates η and λ are infinitesimal. As the network width l
approaches infinity, with high probability over random ini-
tialization of the neural net, the MAML output, (8), con-
verges to a special kernel regression,

Ft(X,X
′, Y ′) = GτΘ(X,X ′, Y ′) (12)

+ Φ((X,X ′), (X ,X ′))T ηΦ(t) (Y −GτΘ(X ,X ′,Y ′))

where G is a function defined below.

GτΘ(X,X ′, Y ′) = Θ(X,X ′)T̃λΘ(X ′, τ)Y ′. (13)

with T̃λΘ(·, τ) , Θ(·, ·)−1(I − e−λΘ(·,·)τ ). Besides,
GτΘ(X ,X ′,Y ′) = (GτΘ(Xi, X

′
i, Y

′
i ))Ni=1.

The Φ((X,X ′), (X ,X ′)) ∈ Rkn×knN in (12) is also a
block matrix, which consists of 1×N blocks of size kn×kn,
with the (1, j)-th block as follows for j ∈ [N ],

[Φ((X,X ′), (X ,X ′))]1,j = φ((X,X ′), (Xj , X
′
j)).

Remarks. The kernel Φ is what Φ̂0 converges to as
the network width approaches infinity. However, Φ̂0 ≡
Φ̂0((X ,X ′,Y ′), (X ,X ′,Y ′)) depends on Y and Y ′, while
Φ ≡ Φ((X ,X ′), (X ,X ′)) does not, since the terms in Φ
depending on Y or Y ′ all vanish as the width approaches
infinity. Although (12) is a sum of two kernel regression
terms, it can still be viewed as a single special kernel re-
gression relying on MetaNTK Φ. Notably, Φ can be seen as
a composite kernel built upon the base kernel function Θ.

5. MetaNTK-NAS
Recently, there has been a series of training-free NAS

works that reduce the search cost of NAS by directly search-
ing over untrained candidate structures [11, 41, 44, 73]. The

Algorithm 1: MetaNTK-NAS: Training-Free NAS
for Few-Shot Learning.

1 Input: Search step k = 0. A initial supernetN0 of
stacked cells. Each cell has E edges. Each edge has |O|
operators.

2 whileNk is not a single-path network do
3 for each operator oj inNk do
4 ∆Ck,oj = CNk − CNk\oj
5 (The higher ∆Ct,oj , the more likely we will

prune oj)
6 ∆Rt,oj = RNk −RNk\oj
7 (The lower ∆Rt,oj , the more likely we will

prune oj)

8 Get importance score of CN : sC(oj) = index of oj
in descendingly sorted list [∆Ct,o1 , ...,∆Ct,o|Nk| ]

9 Get importance score of RN : sR(oj) = index of oj
in ascendingly sorted list [∆Rt,o1 , ...,∆Rt,o|Nk| ]

10 Get total importance score s(oj) = sC(oj) + sR(oj)
11 Nk+1 ← Nk
12 for each edge ei, i = 1, ..., E do
13 j∗ = argminj{s(oj) : oj ∈ ei}
14 (Find the operator with the least importance score

on each edge.)
15 Nk+1 = Nk+1\oj∗

16 k ← k + 1

17 return Single-path networkNk.

key of these works is to measure certain properties or met-
rics of untrained networks that are correlated with the fi-
nal training/test accuracy. Among them, TE-NAS [11] uti-
lizes two theory-motivated metrics of untrained networks to
achieve training-free NAS: (i) the condition number of the
neural tangent kernel (NTK), which can be seen as an in-
dicator for the trainability of the network under supervised
learning; (ii) the number of linear regions in the input space,
which implies the expressivity (i.e., representation power)
of the network. Empirical studies of [11] confirm that these
two metrics of untrained networks are correlated with the
test accuracy of trained networks with the same structures.

Since few-shot learning is quite different from super-
vised learning, metrics specific to supervised learning may
not be suitable for few-shot learning. For example, NTK is
derived in the supervised learning setting, thus the use of
condition number of NTK in TE-NAS [11] might be inef-
fective in few-shot learning. A natural candidate for few-
shot learning is the MetaNTK we derive in Theorem 2,
which can be viewed as the counterpart of NTK in meta-
learning, thus it is a natural idea to replace NTK with
MetaNTK in TE-NAS to accommodate the few-shot learn-
ing task, which is the core of our proposed MetaNTK-NAS.

Briefly speaking, the main idea of our MetaNTK-NAS
is to compute an importance score for each untrained can-
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Figure 1. Illustration of our MetaNTK-NAS (Algorithm 1).

didate structure by the condition number of MetaNTK and
the number of linear regions in the input space, then search
for a structure that maximizes this score.

Specifically, for each candidate structureN with param-
eters θ0 randomly initialized by Kaiming Initialization [22],
we sample a batch of training tasks {(Xi, Yi, X

′
i, Y

′
i )} from

the training set, where Xi ∈ Rn×k, X ′i ∈ Rm×k are n
query samples and m support samples, respectively. Then,
we compute the MetaNTK of the network based on the ana-
lytical expression derived in Eqs. (10) and (11). Notice that
Eq. (11) demonstrates the MetaNTK Φ is a composite ker-
nel built upon the NTK kernel function in the infinite width
limit. We assume this holds approximately true for finitely
wide networks, and use the formula (11) to build MetaNTK
Φ̂θ0 from NTK kernel function Θ̂θ0 . This approach has a
computational benefit: if we compute MetaNTK follow-
ing the definition in (4), that will involve second-order gra-
dients; however, building MetaNTK from NTK following
(11) could get rid of this burden since Θ̂θ0 is computed
purely from first-order gradients. Also, Φ̂θ0 is positive defi-
nite4, thus its eigenvalues are all positive, and we can define
its condition number to be

CN :=
σmax(Φθ0)

σmin(Φθ0)
(14)

We compute another metric following Definition 1 of [11],

RN := number of linear regions (15)

The condition number CN indicates the trainability5 of
the network structure (the lower, the better) under meta-
learning, and RN stands for the representation power of
the structure (the higher, the better). Our Algorithm 1 is
designed to minimize CN and maximize RN over candi-
date structures in the search space, following the algorithm
design of TE-NAS [11]. An illustration of Algorithm 1 is
provided in Fig. 1.

4Since NTK is positive definite [26] and we build MetaNTK from
NTK in a way that preserves the positive definiteness.

5The connection between the condition number of NTK and trainabil-
ity is discussed in Sec. 3.1.1 of [11]

6. Experiments
6.1. Experiment Setup

We conduct experiments on two popular few-shot im-
age classification datasets, mini-ImageNet and tiered-
ImageNet, which both are subsets of ImageNet [12]. And
our experiments consist of three stages: search, train and
evaluate. Here we give an overview of the datasets.

• mini-ImageNet [64]: It contains 60,000 RGB images of
84x84 pixels extracted from ImageNet [12]. It includes
100 classes (each with 600 images) that are split into 64
training classes, 16 validation classes and 20 test classes.

• tiered-ImageNet [55]: This dataset contains 779,165
RGB images of 84x84 pixels extracted from ImageNet
[12]. It includes 608 classes that are split into 351 train-
ing, 97 validation and 160 test classes.

Search Space Following the NAS literature [11, 16, 42],
we search for a normal cell and a reduction cell as the build-
ing block of the final architecture. Both cells have three
intermediate nodes. MetaNAS [16] uses a modified ver-
sion of standard DARTS search space. We use the same
search space as MetaNAS for a fair comparison. Specifi-
cally, the set of candidate operations include MaxPool3x3,
AvgPool3x3, SkipConnect, Conv1x5-5x1, Conv3x3, Sep-
Conv3x3 and DilatedConv3x3.

Implementation Details The neural network we use is
obtained by stacking 5 or 8 searched cells together. Cells
located at the 1/3 and 2/3 of the total depth of the network6

are reduction cells, where we decrease the spatial resolution
and double the number of channels7. We set the initial num-
ber of channels to 488. To search for the candidate cells,
we start with a supernetwork N0 composed of all possible
edges and operations. We follow TE-NAS [11] to prune
one operator on each edge by its importance per round. The
importance of each operator is measured by the change of
condition number of MetaNTK CN and the number of lin-
ear regions RN before and after being pruned. We repeat
the process until the supernetwork Nk becomes a single-
path network. We summarize our algorithm in Algorithm 1.

To evaluate the architecture searched by MetaNTK-
NAS, we train the network on the same dataset where
the search is conducted. For the training, we keep the
same number of cells and the initial number of chan-
nels used in the search stage. As for the training recipe,
we use RFS [60] (without their additional knowledge dis-
tillation trick), an FSL method in the fashion of pre-

6The network has an output layer in addition to cells, e.g., a 5-cells
network has 5 + 1 = 6 layers in total.

7This is different from the original setup of MetaNAS [16], where they
fix number of channels throughout the whole network.

8We use the same number of initial channels and number of cells dur-
ing search and evaluation when computing MetaNTK, which is different
from TE-NAS [11]. TE-NAS uses a small proxy network to compute NTK.
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mini-ImageNet 5-way tiered-ImageNet 5-way

Model Arch. #Cells Train #Param. Search Cost 1-shot 5-shot #Param. Search Cost 1-shot 5-shot

MAML [19] Conv4 - MAML 30k - 48.70±1.84 63.11±0.92 30k - 51.67±1.81 70.30±1.75
ANIL [50] Conv4 - ANIL 30k - 48.0±0.7 62.2±0.5 - - - -
MetaOptNet [38] ResNet-12 - MetaOptNet 12.5M - 62.64±0.61 78.63±0.46 12.7M - 65.99±0.72 81.56±0.53
RFS [60] ResNet-12 - RFS 12.5M - 62.02±0.63 79.64±0.44 12.7M - 69.74±0.72 84.41±0.55
AutoMeta [32] Cells - Reptile 100k 2688 hr 57.6±0.2 74.7±0.2 - - - -
T-NAS++ [40] Cells 2 FOMAML 27k 48 hr 54.11±1.35 69.59±0.85 - - - -
MetaNAS [16] Cells 5 Reptile 1.1M 168 hr 63.1±0.3 79.5±0.2 - - - -

MetaNAS(retrained)† Cells 5 RFS 2.01M 168 hr 64.24±0.11 79.75±0.13 2.17M 168 hr 70.16±0.09 84.99±0.22
MetaNTK-NAS Cells 5 RFS 1.77M 1.54 hr 63.88±0.81 80.07±0.45 2.22M 2.20 hr 71.12±0.49 85.71±0.22

MetaNAS(retrained)† Cells 8 RFS 3.53M 168 hr 63.88±0.23 79.88±0.14 3.70M 168 hr 72.32±0.02 86.48±0.06
MetaNTK-NAS Cells 8 RFS 3.21M 1.92 hr 64.26±0.14 80.35±0.12 4.78M 2.73 hr 72.37±0.79 86.43±0.53

Table 1. Comparison on few-shot image classification benchmarks. Average few-shot test classification accuracy (%) ± standard
deviation. The first 4 rows are few-shot learning algorithms on standard networks, and the following 3 rows (AutoMeta, T-NAS++,
MetaNAS) are prior NAS methods designed for few-shot learning. The last 4 rows are from our experiments: we stack cells presented by
MetaNAS [16] and searched by our MetaNTK-NAS in the same way (stacks of 5 cells or 8 cells), and train both of them with RFS [60].
† (i) The authors of MetaNAS [16] only present one cell structure that they manually select over multiple structures in the search process on
miniImageNet, and train it for 3 runs. Thus this structure can be seen as the best structure they obtain. In contrast, we run the search-train-
evaluate pipeline of MetaNTK-NAS for 3 independent runs and take average of the test accuracy. (ii) [16] does not run on tieredImageNet,
thus we stack the cells they searched on miniImageNet and train the structure on tieredImageNet using RFS. We believe MetaNAS cells
work relatively well on tiered-ImageNet because mini- and tiered-ImageNet are both subsets of ImageNet, sharing lots of similarities.

training+finetuning, since it is an efficient first-order opti-
mization method. RFS greatly reduces the training time,
and GPU memory compared to higher-order optimization
methods such as MAML [19]. To compare our searched
cells with MetaNAS, we evaluate cells found by MetaNAS9

with the same RFS training-evaluate pipeline and present as
MetaNTK(retrained) in Table 1.

Hyper-parameters During the search phase, for comput-
ing NTK, MetaNTK, and the number of linear regions, we
adopt data augmentation used in TE-NAS [11]. In addition
to the MAML-induced MetaNTK (MAML-kernel) we de-
rive in Theorem 2, we also implement another MetaNTK
induced by ANIL (ANIL-kernel) [50], a simplified version
of MAML. We use MAML-kernel and ANIL-kernel for the
5-cells and 8-cells experiments, respectively. More details
about hyperparameters such as batch size, dropout rate [58]
and normalization [25, 70] can be found in Appendix E.

Optimization Setup Following [60], we adopt SGD op-
timizer with a momentum of 0.9 and a weight decay of
0.0005. We train all models for 100 epochs and 60 epochs
on miniImageNet and tieredImagenet, respectively. For
miniImageNet, the learning rate is 0.02 initially, and it is
decayed by 10x at epoch 60 and 80. For tieredImageNet,
the learning rate is 0.01 initially, and it is decayed by 10x at
epochs 30, 40, 50.

Model Selection. We always take the model checkpoints
at the end of training for evaluation.

Evaluation on Test Tasks Following [60], for any test
task, we remain hidden layers intact and finetune the linear
output layer of each network on labeled support samples,

9We evaluate the cells used in their large-scale experiments.

and then evaluate its prediction accuracy on the query sam-
ples as the test accuracy. Similar to [60], we mostly use `2
regularized cross-entropy loss to finetune the linear layer,
while we also use `2 regularized hinge loss in some 1-shot
cases. More details regarding the setup and hyperparam-
eters of the evaluation stage can be found in Appendix E.

Code Our code is written in PyTorch [48]. For the search
stage of NAS, we build our code upon the released code-
base of [11]. Opacus [76] is used to compute per-sample-
gradients efficiently to further construct MetaNTK. For the
training and evaluation stages, we adopt the code of [60].

Hardware Most of our experiments were run on NVIDIA
V100s, and the rest were run on NVIDIA RTX 3090s. Each
experiment is run on a single GPU at a time. The search
cost of MetaNTK-NAS is benchmarked on V100s.

6.2. Experiment Results

Empirical Results Each experiment of MetaNTK-NAS
and MetaNAS(retrained) is repeated over at least 3 runs of
different random seeds. We evaluate each trained model
on 1000 test tasks randomly sampled from the test set, and
report the mean and standard deviation of the test accuracy.

Performance Comparison In Table 1, we compare
MetaNTK-NAS with multiple meta-learning algorithms on
miniImageNet and tieredImageNet under 5-way few-shot
classification setting. Among these algorithms, MetaOpt-
Net is the state-of-the-art gradient-based meta-learning al-
gorithm, and RFS is an efficient few-shot learning algo-
rithm, while AutoMeta, T-NAS++, and MetaNAS are ex-
isting NAS algorithms specifically designed for few-shot
learning. Compared to MetaOptNet and RFS, which use
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(a) Normal cell (5 cells, miniImageNet). (b) Reduction cell (5 cells, miniImageNet).

(c) Normal cell (5 cells, tieredImageNet). (d) Reduction cell (5 cells, tieredImageNet).

Figure 2. Examples of normal and reduction cells found by MetaNTK-NAS that are used for the evaluation. Green, blue and yellow boxes
denote outputs of the previous cells, intermediate nodes and output of the current cell, respectively. See [42] for more details.

Linear 1-shot 5-shot
Model MetaNTK NTK Region 5 Cells 8 Cells 5 Cells 8 Cells

MetaNTK-NAS X X 63.88 ± 0.81 64.26 ± 0.14 80.07 ± 0.45 80.35 ± 0.12
TE-NAS [11] X X 62.51 ± 0.42 63.51 ± 0.16 79.02 ± 0.35 79.86 ± 0.42
Linear Region X 62.96 ± 1.05 63.99 ± 0.76 79.13 ± 0.96 79.88 ± 0.51
Random Cell 62.55 ± 1.15 62.76 ± 0.83 78.90 ± 0.58 79.18 ± 0.72

Table 2. Ablation study on mini-ImageNet. The row “Linear Region” stands for NAS with only the number of linear regions. The row
“Random Cell” evaluates stacks of randomly sampled candidate cells from the search space.

ResNet-12 as backbone architecture, our method outper-
forms them with a much fewer number of parameters
(2.5x∼6x fewer). Besides, our MetaNTK-NAS achieves
comparable or better performance than MetaNAS, the state-
of-the-art NAS algorithm for few-shot learning across var-
ious settings on the two datasets (cf. the last 4 rows of
Tab. 1). Examples of searched cells are also shown in Fig. 2.

Efficiency Comparison While achieving competitive
performance, our method enjoys 100x faster search speed
(1.54 GPU hours search cost compared to 168 GPU hours
search cost of MetaNAS on miniImageNet for 5-cells struc-
tures). Since MetaNAS cells are obtained by training su-
pernetwork in the small-scale regime of 100k parameters
on miniImageNet, we believe that comparing our search
cost of 5-cells setup on miniImageNet to theirs is fair. We
also believe MetaNTK-NAS is likely to have an even larger
improvement in search speed compared to MetaNAS on
tieredImageNet10 or larger datasets. Therefore, we can con-
clude that MetaNTK-NAS is comparable to or better than
the state-of-the-art of NAS methods for few-shot learning
with 100x faster search speed.

6.3. Ablation Experiments

In this section, we conduct ablation studies to analyze the
effects of different ingredients used in MetaNTK-NAS. We
compare the following setups with different combinations
of components: (a) we conduct a search with TE-NAS [11],
which searches with NTK and number of linear regions11;
(b) we conduct a search using only the number of linear
regions (no NTK or meta-NTK is used); (c) we conduct a

10The experiments of the original MetaNAS paper [16] is limited to
miniImageNet and Omniglot (a much smaller dataset).

11We use the same number of training samples to compute MetaNTK
and NTK for a fair comparison.

random search, where we randomly sample candidate cells
from the search space.

Tab. 2 shows the results of our ablation study on mini-
ImageNet. The improvement of MetaNTK-NAS over the
rest methods indicates the usefulness of the MetaNTK con-
dition number in NAS for few-shot learning. Notice that
the NTK condition number seems to have adverse effects
on the performance. It indicates that NTK, which is derived
in supervised learning, does not fit few-shot learning well.

Conclusion
In this paper, we first focus on the optimization prop-

erties of model-agnostic meta-learning (MAML) equipped
with deep neural networks (DNNs), and prove the global
convergence of MAML with over-parameterized deep neu-
ral nets. Based on the convergence analysis, we prove
that in the infinite width limit of DNNs, MAML converges
to a kernel regression with a new class of kernels, which
we name as Meta Neural Tangent Kernel (MetaNTK). In-
spired by recent works that apply Neural Tangent Kernel
(NTK) to NAS for supervised learning [11,72], we propose
MetaNTK-NAS, a new NAS method for few-shot learning
based on our derived MetaNTK. Empirically, we compare
MetaNTK-NAS with prior works, and observe that the per-
formance of MetaNTK-NAS is comparable or better than
the state-of-the-art NAS methods for few-shot learning on
miniImageNet and tieredImageNet, while enjoying 100x
less search cost.
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