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A B S T R A C T
Network Intrusion Detection Systems (NIDS) are considered one of the essential components to
secure Internet of Things (IoT) networks from complex, evolving, and previously unseen cyberthreats.
Recently, deep neural network models act as the backbone of NIDSs. However, they remain several
challenges—supervised models require gold (human-annotated) labels which are hard to obtain at
scale; unsupervised models typically underperform and cannot handle complex tra!c. Although the
optimization-based meta-learning enables the rapid adaptation to new tasks (i.e., novel threats), with
minimal labeled data, and without extensive retraining, it is not widely adopted for network intrusion
detection due to significant inner-loop cost. In this paper, we propose MetaFTT, a few-shot intrusion
detection method that integrates an FT-Transformer backbone with episodic meta-learning for rapid
adaptation from a small support set. The lightweight inner adaptation and first-order meta-learning
reduces the inner-loop cost and allows MetaFTT to find initial parameters for the complex backbone
model. We evaluate the zero-day detection performance of MetaFTT using the UQ-IoT-IDS-2021
dataset with a zero-day protocol that holds out one attack family at a time and deploys a binary
detector (benign vs. held-out attack). Across nine zero-day IoT attack scenarios, the experimental
results demonstrate that MetaFTT outperforms existing few-shot NIDSs as well as supervised few-shot
fine-tuning of a pre-trained classifier in 5- and 15-shot configurations. Consequently, MetaFTT can
generalize and adapt to new attack scenarios and evolving IoT network characteristics, making it
suitable for real-world deployment.

1. Introduction
The Internet of Things (IoT) has experienced significant

expansion over recent decades, leading to the connection of
heterogeneous devices that continuously exchange data across
networks [2]. Although this connectivity enables automation
and data-driven control of physical components, it broadens
the attack surface [22]. Research has introduced vulnerability
analysis frameworks for IoT devices [35], but significant
challenges remain due to the devices’ resource constraints,
heterogeneity, and complex attack surfaces. Moreover, IoT
devices often run for years without patching, employ weak
authentication, and communicate over diverse protocols [5].
Remote adversaries are known to perform reconnaissance,
spoofing, brute-force, and flooding to compromise the IoT
devices [31]. Consequently, protecting these networks is
crucial [3, 34], as they are constantly subjected to adver-
sarial threats designed to compromise system confidentiality,
integrity, or availability [6].

A network intrusion detection system (NIDS) is a vital
security solution to monitor network activities and defend
against these pervasive cyberthreats [3]. Traditional NIDS
span signature-based detectors [45] for known threats and
machine learning-based detectors [19] that infer patterns
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from data. The recent evolution of the deep learning (DL)
paradigm, in particular, has driven the development of more
advanced detection models, including both supervised [8, 10]
and unsupervised [27, 40, 17] approaches.

Despite significant advancements in NIDSs and DL
models therein, several challenges persist, hindering their
e"ective deployment in real-world scenarios. Supervised
NIDS deliver high accuracy when abundant gold labels are
available [38]; however, labels for emerging attacks are scarce
and costly to obtain. Furthermore, performance degrades
under label noise and domain shift [10, 40]. On the other hand,
unsupervised anomaly detectors operate without labels but
commonly su"er from higher false-positive rates on dynamic
IoT tra!c, as they struggle to distinguish between benign
tra!c bursts and malicious anomalies [41, 39]. Moreover,
their results are often sensitive to data representation and
thresholding [17], and over-fitted models underperform when
novel network behaviors emerge as IoT device configurations
evolve [4, 29].

To address these limitations, the research community
has turned to few-shot learning (FSL), which aims to build
models capable of generalizing from a very small number
of labeled examples. Meta-learning has emerged as a dom-
inant paradigm for tackling FSL challenges [21], with two
primary strategies gaining traction in the NIDS domain.
The first, optimization-based meta-learning, seeks to find
a highly adaptable model initialization that can be rapidly
fine-tuned for a new task. Seminal works like MAML [11] and
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Introduction: The IoT Security Challenge

The Internet of Things (IoT) has seen massive expansion, but this
also broadens the attack surface.

Network Intrusion Detection Systems (NIDS) are vital for securing
these networks.

Traditional Deep Learning (DL) for NIDS faces challenges:

Supervised models require large, labeled datasets, which are scarce
for new (zero-day) attacks.
Unsupervised models often suffer from higher false-positive rates on
dynamic IoT traffic.

The Core Problem: How can we effectively detect novel, unseen
”zero-day” attacks when labeled data is extremely limited?
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Limitations of Traditional DL-based NIDS

Even with advances in DL, major challenges persist:

Supervised Learning

Pro: High accuracy for known
attacks.

Con: Requires massive,
manually-labeled datasets.

Con: Labels for new ”zero-day”
attacks are scarce or
non-existent.

Con: Performance degrades
under label noise and domain
shift.

Unsupervised Learning

Pro: Can detect anomalies
without any labels.

Con: Often suffers from a high
false-positive rate (FPR).

Con: Struggles to distinguish
benign traffic bursts from
malicious anomalies.

Con: Highly sensitive to data
representation and thresholds.

Both approaches struggle with the rapid emergence of novel
attacks.
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Background: Few-Shot Learning (FSL) for NIDS

Goal: Build models that can generalize from a tiny number of labeled
examples.

Two main FSL approaches

1 Metric-Based

2 Optimization-Based

2. Optimization-Based FSL

Learns a model initialization
that adapts quickly (e.g.,
MAML).

Pro: Explicit and powerful
adaptation.

Con: Extremely high
computational and memory cost
(second-order gradients).

Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks

large improvements in the task loss.

The primary contribution of this work is a simple model-
and task-agnostic algorithm for meta-learning that trains
a model’s parameters such that a small number of gradi-
ent updates will lead to fast learning on a new task. We
demonstrate the algorithm on different model types, includ-
ing fully connected and convolutional networks, and in sev-
eral distinct domains, including few-shot regression, image
classification, and reinforcement learning. Our evaluation
shows that our meta-learning algorithm compares favor-
ably to state-of-the-art one-shot learning methods designed
specifically for supervised classification, while using fewer
parameters, but that it can also be readily applied to regres-
sion and can accelerate reinforcement learning in the pres-
ence of task variability, substantially outperforming direct
pretraining as initialization.

2. Model-Agnostic Meta-Learning
We aim to train models that can achieve rapid adaptation, a
problem setting that is often formalized as few-shot learn-
ing. In this section, we will define the problem setup and
present the general form of our algorithm.

2.1. Meta-Learning Problem Set-Up

The goal of few-shot meta-learning is to train a model that
can quickly adapt to a new task using only a few datapoints
and training iterations. To accomplish this, the model or
learner is trained during a meta-learning phase on a set
of tasks, such that the trained model can quickly adapt to
new tasks using only a small number of examples or trials.
In effect, the meta-learning problem treats entire tasks as
training examples. In this section, we formalize this meta-
learning problem setting in a general manner, including
brief examples of different learning domains. We will dis-
cuss two different learning domains in detail in Section 3.

We consider a model, denoted f , that maps observa-
tions x to outputs a. During meta-learning, the model
is trained to be able to adapt to a large or infinite num-
ber of tasks. Since we would like to apply our frame-
work to a variety of learning problems, from classifica-
tion to reinforcement learning, we introduce a generic
notion of a learning task below. Formally, each task
T = {L(x1,a1, . . . ,xH ,aH), q(x1), q(xt+1|xt,at), H}
consists of a loss function L, a distribution over initial ob-
servations q(x1), a transition distribution q(xt+1|xt,at),
and an episode length H . In i.i.d. supervised learning prob-
lems, the length H = 1. The model may generate samples
of length H by choosing an output at at each time t. The
loss L(x1,a1, . . . ,xH ,aH) ! R, provides task-specific
feedback, which might be in the form of a misclassification
loss or a cost function in a Markov decision process.

meta-learning
learning/adaptation✓

rL1

rL2

rL3

✓⇤1 ✓⇤2

✓⇤3

Figure 1. Diagram of our model-agnostic meta-learning algo-
rithm (MAML), which optimizes for a representation ✓ that can
quickly adapt to new tasks.

In our meta-learning scenario, we consider a distribution
over tasks p(T ) that we want our model to be able to adapt
to. In the K-shot learning setting, the model is trained to
learn a new task Ti drawn from p(T ) from only K samples
drawn from qi and feedback LTi generated by Ti. During
meta-training, a task Ti is sampled from p(T ), the model
is trained with K samples and feedback from the corre-
sponding loss LTi

from Ti, and then tested on new samples
from Ti. The model f is then improved by considering how
the test error on new data from qi changes with respect to
the parameters. In effect, the test error on sampled tasks Ti

serves as the training error of the meta-learning process. At
the end of meta-training, new tasks are sampled from p(T ),
and meta-performance is measured by the model’s perfor-
mance after learning from K samples. Generally, tasks
used for meta-testing are held out during meta-training.

2.2. A Model-Agnostic Meta-Learning Algorithm

In contrast to prior work, which has sought to train re-
current neural networks that ingest entire datasets (San-
toro et al., 2016; Duan et al., 2016b) or feature embed-
dings that can be combined with nonparametric methods at
test time (Vinyals et al., 2016; Koch, 2015), we propose a
method that can learn the parameters of any standard model
via meta-learning in such a way as to prepare that model
for fast adaptation. The intuition behind this approach is
that some internal representations are more transferrable
than others. For example, a neural network might learn
internal features that are broadly applicable to all tasks in
p(T ), rather than a single individual task. How can we en-
courage the emergence of such general-purpose representa-
tions? We take an explicit approach to this problem: since
the model will be fine-tuned using a gradient-based learn-
ing rule on a new task, we will aim to learn a model in such
a way that this gradient-based learning rule can make rapid
progress on new tasks drawn from p(T ), without overfit-
ting. In effect, we will aim to find model parameters that
are sensitive to changes in the task, such that small changes
in the parameters will produce large improvements on the
loss function of any task drawn from p(T ), when altered in
the direction of the gradient of that loss (see Figure 1). We
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Background: Few-Shot Learning (FSL) for NIDS

Goal: Build models that can generalize from a tiny number of labeled
examples.
Two main FSL approaches

1 Metric-Based
2 Optimization-Based

1. Metric-Based FSL

Learns a deep embedding space.

Classifies based on distance
(e.g., Prototypical Nets).

Pro: Computationally efficient.

Con: Static metric space; less
flexible for truly novel attacks.

c1

c2

c3

x

(a) Few-shot

v1

v2

v3

c1

c2

c3

x

(b) Zero-shot

Figure 1: Prototypical networks in the few-shot and zero-shot scenarios. Left: Few-shot prototypes
ck are computed as the mean of embedded support examples for each class. Right: Zero-shot
prototypes ck are produced by embedding class meta-data vk. In either case, embedded query points
are classified via a softmax over distances to class prototypes: p�(y = k|x) / exp(�d(f�(x), ck)).

Classification is performed, as in the few-shot scenario, by finding the nearest class prototype for an
embedded query point.

In this paper, we formulate prototypical networks for both the few-shot and zero-shot settings. We
draw connections to matching networks in the one-shot setting, and analyze the underlying distance
function used in the model. In particular, we relate prototypical networks to clustering [4] in order to
justify the use of class means as prototypes when distances are computed with a Bregman divergence,
such as squared Euclidean distance. We find empirically that the choice of distance is vital, as
Euclidean distance greatly outperforms the more commonly used cosine similarity. On several
benchmark tasks, we achieve state-of-the-art performance. Prototypical networks are simpler and
more efficient than recent meta-learning algorithms, making them an appealing approach to few-shot
and zero-shot learning.

2 Prototypical Networks

2.1 Notation

In few-shot classification we are given a small support set of N labeled examples S =
{(x1, y1), . . . , (xN , yN )} where each xi 2 RD is the D-dimensional feature vector of an example
and yi 2 {1, . . . , K} is the corresponding label. Sk denotes the set of examples labeled with class k.

2.2 Model

Prototypical networks compute an M -dimensional representation ck 2 RM , or prototype, of each
class through an embedding function f� : RD ! RM with learnable parameters �. Each prototype
is the mean vector of the embedded support points belonging to its class:

ck =
1

|Sk|
X

(xi,yi)2Sk

f�(xi) (1)

Given a distance function d : RM ⇥ RM ! [0, +1), prototypical networks produce a distribution
over classes for a query point x based on a softmax over distances to the prototypes in the embedding
space:

p�(y = k |x) =
exp(�d(f�(x), ck))P
k0 exp(�d(f�(x), ck0))

(2)

Learning proceeds by minimizing the negative log-probability J(�) = � log p�(y = k |x) of the
true class k via SGD. Training episodes are formed by randomly selecting a subset of classes from
the training set, then choosing a subset of examples within each class to act as the support set and a
subset of the remainder to serve as query points. Pseudocode to compute the loss J(�) for a training
episode is provided in Algorithm 1.

2

2. Optimization-Based FSL

Learns a model initialization
that adapts quickly (e.g.,
MAML).

Pro: Explicit and powerful
adaptation.

Con: Extremely high
computational and memory cost
(second-order gradients).
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In our meta-learning scenario, we consider a distribution
over tasks p(T ) that we want our model to be able to adapt
to. In the K-shot learning setting, the model is trained to
learn a new task Ti drawn from p(T ) from only K samples
drawn from qi and feedback LTi generated by Ti. During
meta-training, a task Ti is sampled from p(T ), the model
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sponding loss LTi

from Ti, and then tested on new samples
from Ti. The model f is then improved by considering how
the test error on new data from qi changes with respect to
the parameters. In effect, the test error on sampled tasks Ti

serves as the training error of the meta-learning process. At
the end of meta-training, new tasks are sampled from p(T ),
and meta-performance is measured by the model’s perfor-
mance after learning from K samples. Generally, tasks
used for meta-testing are held out during meta-training.

2.2. A Model-Agnostic Meta-Learning Algorithm

In contrast to prior work, which has sought to train re-
current neural networks that ingest entire datasets (San-
toro et al., 2016; Duan et al., 2016b) or feature embed-
dings that can be combined with nonparametric methods at
test time (Vinyals et al., 2016; Koch, 2015), we propose a
method that can learn the parameters of any standard model
via meta-learning in such a way as to prepare that model
for fast adaptation. The intuition behind this approach is
that some internal representations are more transferrable
than others. For example, a neural network might learn
internal features that are broadly applicable to all tasks in
p(T ), rather than a single individual task. How can we en-
courage the emergence of such general-purpose representa-
tions? We take an explicit approach to this problem: since
the model will be fine-tuned using a gradient-based learn-
ing rule on a new task, we will aim to learn a model in such
a way that this gradient-based learning rule can make rapid
progress on new tasks drawn from p(T ), without overfit-
ting. In effect, we will aim to find model parameters that
are sensitive to changes in the task, such that small changes
in the parameters will produce large improvements on the
loss function of any task drawn from p(T ), when altered in
the direction of the gradient of that loss (see Figure 1). We
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Figure 1: Prototypical networks in the few-shot and zero-shot scenarios. Left: Few-shot prototypes
ck are computed as the mean of embedded support examples for each class. Right: Zero-shot
prototypes ck are produced by embedding class meta-data vk. In either case, embedded query points
are classified via a softmax over distances to class prototypes: p�(y = k|x) / exp(�d(f�(x), ck)).

Classification is performed, as in the few-shot scenario, by finding the nearest class prototype for an
embedded query point.

In this paper, we formulate prototypical networks for both the few-shot and zero-shot settings. We
draw connections to matching networks in the one-shot setting, and analyze the underlying distance
function used in the model. In particular, we relate prototypical networks to clustering [4] in order to
justify the use of class means as prototypes when distances are computed with a Bregman divergence,
such as squared Euclidean distance. We find empirically that the choice of distance is vital, as
Euclidean distance greatly outperforms the more commonly used cosine similarity. On several
benchmark tasks, we achieve state-of-the-art performance. Prototypical networks are simpler and
more efficient than recent meta-learning algorithms, making them an appealing approach to few-shot
and zero-shot learning.

2 Prototypical Networks

2.1 Notation

In few-shot classification we are given a small support set of N labeled examples S =
{(x1, y1), . . . , (xN , yN )} where each xi 2 RD is the D-dimensional feature vector of an example
and yi 2 {1, . . . , K} is the corresponding label. Sk denotes the set of examples labeled with class k.

2.2 Model

Prototypical networks compute an M -dimensional representation ck 2 RM , or prototype, of each
class through an embedding function f� : RD ! RM with learnable parameters �. Each prototype
is the mean vector of the embedded support points belonging to its class:

ck =
1

|Sk|
X

(xi,yi)2Sk

f�(xi) (1)

Given a distance function d : RM ⇥ RM ! [0, +1), prototypical networks produce a distribution
over classes for a query point x based on a softmax over distances to the prototypes in the embedding
space:

p�(y = k |x) =
exp(�d(f�(x), ck))P
k0 exp(�d(f�(x), ck0))

(2)

Learning proceeds by minimizing the negative log-probability J(�) = � log p�(y = k |x) of the
true class k via SGD. Training episodes are formed by randomly selecting a subset of classes from
the training set, then choosing a subset of examples within each class to act as the support set and a
subset of the remainder to serve as query points. Pseudocode to compute the loss J(�) for a training
episode is provided in Algorithm 1.
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2. Optimization-Based FSL

Learns a model initialization
that adapts quickly (e.g.,
MAML).

Pro: Explicit and powerful
adaptation.

Con: Extremely high
computational and memory cost
(second-order gradients).

Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks

large improvements in the task loss.

The primary contribution of this work is a simple model-
and task-agnostic algorithm for meta-learning that trains
a model’s parameters such that a small number of gradi-
ent updates will lead to fast learning on a new task. We
demonstrate the algorithm on different model types, includ-
ing fully connected and convolutional networks, and in sev-
eral distinct domains, including few-shot regression, image
classification, and reinforcement learning. Our evaluation
shows that our meta-learning algorithm compares favor-
ably to state-of-the-art one-shot learning methods designed
specifically for supervised classification, while using fewer
parameters, but that it can also be readily applied to regres-
sion and can accelerate reinforcement learning in the pres-
ence of task variability, substantially outperforming direct
pretraining as initialization.

2. Model-Agnostic Meta-Learning
We aim to train models that can achieve rapid adaptation, a
problem setting that is often formalized as few-shot learn-
ing. In this section, we will define the problem setup and
present the general form of our algorithm.

2.1. Meta-Learning Problem Set-Up

The goal of few-shot meta-learning is to train a model that
can quickly adapt to a new task using only a few datapoints
and training iterations. To accomplish this, the model or
learner is trained during a meta-learning phase on a set
of tasks, such that the trained model can quickly adapt to
new tasks using only a small number of examples or trials.
In effect, the meta-learning problem treats entire tasks as
training examples. In this section, we formalize this meta-
learning problem setting in a general manner, including
brief examples of different learning domains. We will dis-
cuss two different learning domains in detail in Section 3.

We consider a model, denoted f , that maps observa-
tions x to outputs a. During meta-learning, the model
is trained to be able to adapt to a large or infinite num-
ber of tasks. Since we would like to apply our frame-
work to a variety of learning problems, from classifica-
tion to reinforcement learning, we introduce a generic
notion of a learning task below. Formally, each task
T = {L(x1,a1, . . . ,xH ,aH), q(x1), q(xt+1|xt,at), H}
consists of a loss function L, a distribution over initial ob-
servations q(x1), a transition distribution q(xt+1|xt,at),
and an episode length H . In i.i.d. supervised learning prob-
lems, the length H = 1. The model may generate samples
of length H by choosing an output at at each time t. The
loss L(x1,a1, . . . ,xH ,aH) ! R, provides task-specific
feedback, which might be in the form of a misclassification
loss or a cost function in a Markov decision process.

meta-learning
learning/adaptation✓

rL1

rL2

rL3

✓⇤1 ✓⇤2

✓⇤3

Figure 1. Diagram of our model-agnostic meta-learning algo-
rithm (MAML), which optimizes for a representation ✓ that can
quickly adapt to new tasks.

In our meta-learning scenario, we consider a distribution
over tasks p(T ) that we want our model to be able to adapt
to. In the K-shot learning setting, the model is trained to
learn a new task Ti drawn from p(T ) from only K samples
drawn from qi and feedback LTi generated by Ti. During
meta-training, a task Ti is sampled from p(T ), the model
is trained with K samples and feedback from the corre-
sponding loss LTi

from Ti, and then tested on new samples
from Ti. The model f is then improved by considering how
the test error on new data from qi changes with respect to
the parameters. In effect, the test error on sampled tasks Ti

serves as the training error of the meta-learning process. At
the end of meta-training, new tasks are sampled from p(T ),
and meta-performance is measured by the model’s perfor-
mance after learning from K samples. Generally, tasks
used for meta-testing are held out during meta-training.

2.2. A Model-Agnostic Meta-Learning Algorithm

In contrast to prior work, which has sought to train re-
current neural networks that ingest entire datasets (San-
toro et al., 2016; Duan et al., 2016b) or feature embed-
dings that can be combined with nonparametric methods at
test time (Vinyals et al., 2016; Koch, 2015), we propose a
method that can learn the parameters of any standard model
via meta-learning in such a way as to prepare that model
for fast adaptation. The intuition behind this approach is
that some internal representations are more transferrable
than others. For example, a neural network might learn
internal features that are broadly applicable to all tasks in
p(T ), rather than a single individual task. How can we en-
courage the emergence of such general-purpose representa-
tions? We take an explicit approach to this problem: since
the model will be fine-tuned using a gradient-based learn-
ing rule on a new task, we will aim to learn a model in such
a way that this gradient-based learning rule can make rapid
progress on new tasks drawn from p(T ), without overfit-
ting. In effect, we will aim to find model parameters that
are sensitive to changes in the task, such that small changes
in the parameters will produce large improvements on the
loss function of any task drawn from p(T ), when altered in
the direction of the gradient of that loss (see Figure 1). We
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In our meta-learning scenario, we consider a distribution
over tasks p(T ) that we want our model to be able to adapt
to. In the K-shot learning setting, the model is trained to
learn a new task Ti drawn from p(T ) from only K samples
drawn from qi and feedback LTi generated by Ti. During
meta-training, a task Ti is sampled from p(T ), the model
is trained with K samples and feedback from the corre-
sponding loss LTi

from Ti, and then tested on new samples
from Ti. The model f is then improved by considering how
the test error on new data from qi changes with respect to
the parameters. In effect, the test error on sampled tasks Ti

serves as the training error of the meta-learning process. At
the end of meta-training, new tasks are sampled from p(T ),
and meta-performance is measured by the model’s perfor-
mance after learning from K samples. Generally, tasks
used for meta-testing are held out during meta-training.

2.2. A Model-Agnostic Meta-Learning Algorithm

In contrast to prior work, which has sought to train re-
current neural networks that ingest entire datasets (San-
toro et al., 2016; Duan et al., 2016b) or feature embed-
dings that can be combined with nonparametric methods at
test time (Vinyals et al., 2016; Koch, 2015), we propose a
method that can learn the parameters of any standard model
via meta-learning in such a way as to prepare that model
for fast adaptation. The intuition behind this approach is
that some internal representations are more transferrable
than others. For example, a neural network might learn
internal features that are broadly applicable to all tasks in
p(T ), rather than a single individual task. How can we en-
courage the emergence of such general-purpose representa-
tions? We take an explicit approach to this problem: since
the model will be fine-tuned using a gradient-based learn-
ing rule on a new task, we will aim to learn a model in such
a way that this gradient-based learning rule can make rapid
progress on new tasks drawn from p(T ), without overfit-
ting. In effect, we will aim to find model parameters that
are sensitive to changes in the task, such that small changes
in the parameters will produce large improvements on the
loss function of any task drawn from p(T ), when altered in
the direction of the gradient of that loss (see Figure 1). We
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In our meta-learning scenario, we consider a distribution
over tasks p(T ) that we want our model to be able to adapt
to. In the K-shot learning setting, the model is trained to
learn a new task Ti drawn from p(T ) from only K samples
drawn from qi and feedback LTi generated by Ti. During
meta-training, a task Ti is sampled from p(T ), the model
is trained with K samples and feedback from the corre-
sponding loss LTi

from Ti, and then tested on new samples
from Ti. The model f is then improved by considering how
the test error on new data from qi changes with respect to
the parameters. In effect, the test error on sampled tasks Ti

serves as the training error of the meta-learning process. At
the end of meta-training, new tasks are sampled from p(T ),
and meta-performance is measured by the model’s perfor-
mance after learning from K samples. Generally, tasks
used for meta-testing are held out during meta-training.

2.2. A Model-Agnostic Meta-Learning Algorithm

In contrast to prior work, which has sought to train re-
current neural networks that ingest entire datasets (San-
toro et al., 2016; Duan et al., 2016b) or feature embed-
dings that can be combined with nonparametric methods at
test time (Vinyals et al., 2016; Koch, 2015), we propose a
method that can learn the parameters of any standard model
via meta-learning in such a way as to prepare that model
for fast adaptation. The intuition behind this approach is
that some internal representations are more transferrable
than others. For example, a neural network might learn
internal features that are broadly applicable to all tasks in
p(T ), rather than a single individual task. How can we en-
courage the emergence of such general-purpose representa-
tions? We take an explicit approach to this problem: since
the model will be fine-tuned using a gradient-based learn-
ing rule on a new task, we will aim to learn a model in such
a way that this gradient-based learning rule can make rapid
progress on new tasks drawn from p(T ), without overfit-
ting. In effect, we will aim to find model parameters that
are sensitive to changes in the task, such that small changes
in the parameters will produce large improvements on the
loss function of any task drawn from p(T ), when altered in
the direction of the gradient of that loss (see Figure 1). We
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The Research Gap: Our Motivation

We identified three critical limitations in prior work:

1 Architectural Mismatch: Most FSL-NIDS use CNNs, forcing
tabular network data into 2D images. This imposes an artificial
structure and loses information.

2 Adaptability vs. Cost: A trade-off exists. Metric-based is efficient
but weak. Optimization-based is strong but too computationally
expensive for high-capacity models like Transformers.

3 Dataset Realism: Many studies use older datasets (e.g., NSL-KDD)
that don’t reflect modern, heterogeneous IoT traffic.

Our Goal: Design a framework that is...

Architecturally appropriate (FT-Transformer for tabular data).

Powerfully adaptive (Optimization-based meta-learning).

Computationally efficient and practical.

Validated on a realistic IoT dataset.
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4  Experiments

4.1  Datasets

The development of IoT enables various practical applications in smart cities, with 
the smart grid being of particular research interest. However, many existing unsuper-
vised IDS studies rely on hand-designed datasets, while public datasets often con-
tain feature data rather than raw traffic. Our proposed IDS leverages raw traffic data 
collected from the smart grid to evaluate its real-world performance. Additionally, 
we assess the system’s generalization, adaptability, and ability to detect unknown 
attacks using two representative network datasets: CICIDS2017 [47] and MedBIoT 
[48]. Detailed information on these datasets is shown in Table 1. 

• Smart grid dataset We collected normal traffic from the communication of 
metering terminals in the smart grid. This dataset contains records of the meter-
ing terminals and collects traffic data from three zones: area 1 from January 4, 
2021, 20:24 to 21:24; area 2 from January 4, 2021, 18:27 to 19:27; and area 3 
from January 4, 2021, 17:11 to 18:11. The dataset is stored in a “.pcap” file and 
comprises 3.1 GB of data. However, the dataset collected in the real scenario 
of the smart grid does not include abnormal traffic. To obtain abnormal traffic, 
we sampled traffic from public datasets based on the findings of Kaspersky Lab. 
According to their research, 10.8% of industrial control systems were attacked by 
botnets in 2017 [49]. We selected botnet traffic captured from public websites by 
CTU researchers in a real network environment as our abnormal traffic dataset, 
which is 114.6 MB in size.

Fig. 5  Input images, reconstructed images, and corresponding reconstructed errors of normal, DDoS, 
and Bashlite samples
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by performing a weighted average using the weight vector and the memory items. 
During the training phase of MACAE, the decoder reconstructs the representation  z 
as the output image  x . The reconstruction error between the input and output images 
is used as a loss function to train the model to accurately reconstruct normal data. 
During the testing phase, both normal and abnormal traffic data are converted into 
image format using the same approach as in the training phase. The MACAE model 
is then utilized to reconstruct the image data, and the reconstruction error between 
the input and reconstructed images is employed as an anomaly score to determine 
whether the traffic data is normal or abnormal.

3.2.1  Convolutional neural network

CNNs offer significant advantages for intrusion detection, particularly in their 
capacity for parallel processing and rapid training, enabling efficient feature repre-
sentation and high accuracy. A typical CNN consists of convolutional, pooling, and 
flatten layers, with the convolutional layer serving as the core for feature extraction. 
Utilizing multiple convolutional kernels, this layer automatically extracts feature 
patterns from image data, producing a feature map through convolutional opera-
tions. The “local sensing and parameter sharing” properties of the convolutional 
layer reduce network parameters, enhance sparsity, and help prevent overfitting. The 
convolutional operation is defined as:

In Eq. (1), h
i
 denotes the feature map of the ith layer, and   represents the convolu-

tion operation. w
i
 and b

i
 are the weight matrix and bias vector of the ith layer, respec-

tively. The activation function f ( ) is implemented as LeakyReLU, chosen for its 
ability to promote fast learning convergence, as shown in Eq. (2).

The pooling layer, following the convolutional layer, employs subsampling opera-
tions to reduce the dimensionality of feature maps, based on local correlations. This 

(1)h
i
= f

(
h
i 1  w

i
+ b

i

)

(2)LeakyReLU(x) = max (kx, x) =

{
x, if x > 0
kx, if x  0

Fig. 3  Architecture of the proposed MACAE model

MACAE: memory module-assisted convolutional autoencoder… Page 7 of 29   231 

into the MACAE model to learn diverse normal patterns. This training process is 
repeated until the maximum number of training epochs is reached. The well-trained 
MACAE model then processes the network traffic data from the test set to compute 
anomaly scores and obtain classification results. Based on a predefined threshold, 
if the anomaly score exceeds the threshold, the input data is classified as abnormal; 
otherwise, it is classified as normal.

3.1  Data preprocessing

Network traffic generated in real networks is stored as one-dimensional byte stream 
data, while CNNs typically require two-dimensional data input. To resolve this 
incompatibility, we employ the USTC-TK2016 toolkit to convert raw network traffic 
data in Pcap format into a CNN-compatible input format, specifically an image file.

Figure 2 depicts the data preprocessing workflow. First, raw network traffic data 
is segmented into discrete sessions, defined as bidirectional flows sharing the same 
5-tuple: source IP, source port, destination IP, destination port, and transport layer 
protocol. Since sessions are independent, splitting the data by sessions ensures that 
temporal correlations within sessions are preserved. Each session is processed to 
retain all protocol layer details, such as MAC addresses, SYN flags, and ACK flags, 
and is then filtered and either trimmed or padded to ensure uniformity. Specifically, 
sessions are adjusted to a fixed length of 784 bytes to generate 1  28  28 images; 
shorter sessions are padded with 0 x 00. The processed sessions are converted into 
grayscale traffic images in BMP format, with each byte corresponding to a pixel (0x 
00 representing black). These images serve as input for the CNN model.

3.2  MACAE model architecture

The architecture of MACAE is shown in Fig. 3, comprising three main components: 
encoder, decoder, and memory module. Both the encoder and decoder are con-
structed using CNNs.

Raw Pcap packets of the training set are preprocessed into two-dimensional 
images, denoted x . The encoder employs CNN to automatically extract spatial fea-
tures from input images, generating a latent space feature representation z . The 
memory module M is trained to store memory items related to normal patterns. The 
latent representation z is then queried to the memory module using memory address-
ing, obtaining the corresponding weight vector w . The representation  z is calculated 

Fig. 2  Data preprocessing workflow

2 Adaptability vs. Cost: A trade-off exists. Metric-based is efficient
but weak. Optimization-based is strong but too computationally
expensive for high-capacity models like Transformers.

3 Dataset Realism: Many studies use older datasets (e.g., NSL-KDD)
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Computationally efficient and practical.

Validated on a realistic IoT dataset.
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Proposed Framework: MetaFTT Overview

❺ Zero-day few-shot adaptation Algorithm 3

<latexit sha1_base64="g1hIkb3W0bI2ZnQZq2KCvhjrcl8=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAVXNSSiFSXBTcuXFSwD2hCmUwm7dDJTJiZCCXUjb/ixoUibv0Ld/6N0zYLbT1w4XDOvdx7T5AwqrTjfFuFpeWV1bXiemljc2t7x97daymRSkyaWDAhOwFShFFOmppqRjqJJCgOGGkHw+uJ334gUlHB7/UoIX6M+pxGFCNtpJ59gKFHOfQytwI9FgqtKvD2zPXGPbvsVJ0p4CJxc1IGORo9+8sLBU5jwjVmSKmu6yTaz5DUFDMyLnmpIgnCQ9QnXUM5ionys+kHY3hilBBGQpriGk7V3xMZipUaxYHpjJEeqHlvIv7ndVMdXfkZ5UmqCcezRVHKoBZwEgcMqSRYs5EhCEtqboV4gCTC2oRWMiG48y8vktZ51a1Va3cX5fpxHkcRHIIjcApccAnq4AY0QBNg8AiewSt4s56sF+vd+pi1Fqx8Zh/8gfX5A6OblQM=</latexit>

c → {1, . . . , L↑ 1}

Benign packets
(*.pcap)

Scaler

Standardizer

Feature extractor

❸ Episode builder Algorithm 1❶ Packet dump collection

❷ Data preparation ❹ Episodic meta-training Algorithm 2

Intrusion 
packets
Intrusion 
packets
Intrusion 

packets (*.pcap)
Select N labels

❻ Intrusion detector

<latexit sha1_base64="CRDO/INz8CvE9aJHu3CgJvetUVg=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG7ZXKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+xAY1V</latexit>

c = 0

<latexit sha1_base64="RhHWSpfSbqdWiWDMMci7MUJg+Do=">AAACFXicbVDLSsNAFJ3UV62vqEs3g1WoUEoiUt0IBV3oroJ9QBPCZDpph04mYWYilpCfcOOvuHGhiFvBnX9j0gbR1gMXDufcy733uCGjUhnGl1ZYWFxaXimultbWNza39O2dtgwigUkLBywQXRdJwignLUUVI91QEOS7jHTc0UXmd+6IkDTgt2ocEttHA049ipFKJUevWj5SQ4xYfJmcW3Hl3qFV7NAjK3FialH+Y18nScnRy0bNmADOEzMnZZCj6eifVj/AkU+4wgxJ2TONUNkxEopiRpKSFUkSIjxCA9JLKUc+kXY8+SqBh6nSh14g0uIKTtTfEzHypRz7btqZHSlnvUz8z+tFyjuzY8rDSBGOp4u8iEEVwCwi2KeCYMXGKUFY0PRWiIdIIKzSILMQzNmX50n7uGbWa/Wbk3LjII+jCPbAPqgAE5yCBrgCTdACGDyAJ/ACXrVH7Vl7096nrQUtn9kFf6B9fAOllZ8L</latexit>D = {(xi, ci)}i→I

<latexit sha1_base64="rEHsQPuM7chkassVSKaxbHWmKcI=">AAACIHicbVDLSsNAFJ3UV62vqEs3g1WoICURad0IBV24rGAf0MQwmU7boZMHMxO1hHyKG3/FjQtFdKdf4yTNQlsPDJw5517uvccNGRXSML60wsLi0vJKcbW0tr6xuaVv77RFEHFMWjhgAe+6SBBGfdKSVDLSDTlBnstIxx1fpH7njnBBA/9GTkJie2jo0wHFSCrJ0euWh+QIIxZfJrdx9uFezNF9kpxbceVhRnPoMXbokZU4etmoGhngPDFzUgY5mo7+afUDHHnEl5ghIXqmEUo7RlxSzEhSsiJBQoTHaEh6ivrII8KOswMTeKiUPhwEXD1fwkz93REjT4iJ56rKdFsx66Xif14vkoMzO6Z+GEni4+mgQcSgDGCaFuxTTrBkE0UQ5lTtCvEIcYSlyrSkQjBnT54n7ZOqWavWrk/LjYM8jiLYA/ugAkxQBw1wBZqgBTB4BM/gFbxpT9qL9q59TEsLWt6zC/5A+/4BmAOk/w==</latexit>Draw = {(xraw
i , ci)} Inner step (batch b)

Packets under 
zero-day attacks

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

Meta-training
dataset

  

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

<latexit sha1_base64="t/cIn4D57tyie5PSJlv7e2qsFDg=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1iFClISkepGKOjCZQX7gCaEyXTaDp1MwsxELCG48VfcuFDErV/hzr9x0mahrQcuHM65l3vv8SNGpbKsb6OwsLi0vFJcLa2tb2xumds7LRnGApMmDlkoOj6ShFFOmooqRjqRICjwGWn7o6vMb98TIWnI79Q4Im6ABpz2KUZKS5655wRIDTFiyXV66SSVB4+eYI8eO6lnlq2qNQGcJ3ZOyiBHwzO/nF6I44BwhRmSsmtbkXITJBTFjKQlJ5YkQniEBqSrKUcBkW4yeSGFR1rpwX4odHEFJ+rviQQFUo4DX3dmB8tZLxP/87qx6l+4CeVRrAjH00X9mEEVwiwP2KOCYMXGmiAsqL4V4iESCCudWkmHYM++PE9ap1W7Vq3dnpXrh3kcRbAPDkAF2OAc1MENaIAmwOARPINX8GY8GS/Gu/ExbS0Y+cwu+APj8wee7ZbZ</latexit>D = {(xi, ci)}

Meta-model (FT-Transformer + Head)

Benign packets

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Data preparation

Packet dump collection + data preparation

Packets

<latexit sha1_base64="cvxicfWjpaZxj4iUukQr3TcrMeU=">AAAB8nicbVDLSgMxFM3UV62vqks3wSq4KjMi1WVBFy4r2AdMh5JJM21oJhmSO0IZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMBHcgOt+O6W19Y3NrfJ2ZWd3b/+genjUMSrVlLWpEkr3QmKY4JK1gYNgvUQzEoeCdcPJbe53n5g2XMlHmCYsiMlI8ohTAlby+zGBMSUiu5sNqjW37s6BV4lXkBoq0BpUv/pDRdOYSaCCGON7bgJBRjRwKtis0k8NSwidkBHzLZUkZibI5pFn+NwqQxwpbZ8EPFd/b2QkNmYah3Yyj2iWvVz8z/NTiG6CjMskBSbp4qMoFRgUzu/HQ64ZBTG1hFDNbVZMx0QTCralii3BWz55lXQu616j3ni4qjXPijrK6ASdogvkoWvURPeohdqIIoWe0St6c8B5cd6dj8VoySl2jtEfOJ8/b2mRRw==</latexit>D

<latexit sha1_base64="6PA/mxN7Y4ESbfrUgftv7x5+2Wg=">AAACBHicbVDLSgNBEJyNrxhfqx5zWYxCBAm7ItFjwIvHCOYB2TX0TibJkNkHM71CWHLw4q948aCIVz/Cm3/jJNmDJhY01FR1M93lx4IrtO1vI7eyura+kd8sbG3v7O6Z+wdNFSWSsgaNRCTbPigmeMgayFGwdiwZBL5gLX90PfVbD0wqHoV3OI6ZF8Ag5H1OAbXUNYtlF4cM4d5VCPLMBREPs8dp1yzZFXsGa5k4GSmRDPWu+eX2IpoELEQqQKmOY8fopSCRU8EmBTdRLAY6ggHraBpCwJSXzo6YWCda6Vn9SOoK0ZqpvydSCJQaB77uDACHatGbiv95nQT7V17KwzhBFtL5R/1EWBhZ00SsHpeMohhrAlRyvatFhyCBos6toENwFk9eJs3zilOtVG8vSrXjLI48KZIjUiYOuSQ1ckPqpEEoeSTP5JW8GU/Gi/FufMxbc0Y2c0j+wPj8AWm8l98=</latexit> (ω
ω
,ε

ω
)

Prediction

Curate k zero-
day samples

<latexit sha1_base64="/KrYjztLGvVv+9HxTIL+jh3HHWs="></latexit>

ĉ(x) = arg max
k→{0,1}

[fω→
op

(x)]k

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Logits

<latexit sha1_base64="0l29DSp7K/BfvMw83BgFrkUGNJg=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CVbRVUlEqsuCG5cV7AOaECbTSTt0JhNmboQSs/BX3LhQxK2/4c6/MWmz0NYDA4dz7uWeOUHMmQbb/jaWlldW19YrG9XNre2dXXNvv6NloghtE8ml6gVYU84i2gYGnPZiRbEIOO0G45vC7z5QpZmM7mESU0/gYcRCRjDkkm8eujCigM/81BUYRkqkMs6yqm/W7Lo9hbVInJLUUImWb365A0kSQSMgHGvdd+wYvBQrYITTrOommsaYjPGQ9nMaYUG1l07zZ9ZprgysUKr8RWBN1d8bKRZaT0SQTxYh9bxXiP95/QTCay9lUZwAjcjsUJhwC6RVlGENmKIE+CQnmCiWZ7XICCtMIK+sKMGZ//Ii6VzUnUa9cXdZa56UdVTQETpG58hBV6iJblELtRFBj+gZvaI348l4Md6Nj9noklHuHKA/MD5/ADxBlio=</latexit>

ω→op

<latexit sha1_base64="q5PF00TaawpPc1ob36R149ZzhZE=">AAAB83icbVBNS8NAEN3Ur1q/qh69LFbBU0lEqseCF48V7Ac0sUy2m3bpZhN2J0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ncLa+sbmVnG7tLO7t39QPjxqmSTTjDdZIhPdCcFwKRRvokDJO6nmEIeSt8PR7cxvP3FtRKIecJzyIIaBEpFggFbyfRxyhEffIOheueJW3TnoKvFyUiE5Gr3yl99PWBZzhUyCMV3PTTGYgEbBJJ+W/MzwFNgIBrxrqYKYm2Ayv3lKz63Sp1GibSmkc/X3xARiY8ZxaDtjwKFZ9mbif143w+gmmAiVZsgVWyyKMkkxobMAaF9ozlCOLQGmhb2VsiFoYGhjKtkQvOWXV0nrsurVqrX7q0r9LI+jSE7IKbkgHrkmdXJHGqRJGEnJM3klb07mvDjvzseiteDkM8fkD5zPH0jkkcU=</latexit>

ωω

<latexit sha1_base64="HPJY1yvXCQflR1lpzdkBLu4S74Y=">AAACB3icbVDLSsNAFJ3UV62vqEtBBqvgqiQi1WXBjcsW7AOaECbTSTt0MgkzE7GE7Nz4K25cKOLWX3Dn3zhJs9DWAwNnzrmXe+/xY0alsqxvo7Kyura+Ud2sbW3v7O6Z+wc9GSUCky6OWCQGPpKEUU66iipGBrEgKPQZ6fvTm9zv3xMhacTv1CwmbojGnAYUI6Ulzzx+cCh3QqQmGLG0k3lp8RFhGsVZVvPMutWwCsBlYpekDkq0PfPLGUU4CQlXmCEph7YVKzdFQlHMSFZzEklihKdoTIaachQS6abFHRk808oIBpHQjytYqL87UhRKOQt9XZkvKRe9XPzPGyYquHZTyuNEEY7ng4KEQRXBPBQ4ooJgxWaaICyo3hXiCRIIKx1dHoK9ePIy6V007Gaj2bmst07LOKrgCJyAc2CDK9ACt6ANugCDR/AMXsGb8WS8GO/Gx7y0YpQ9h+APjM8fJfqaCw==</latexit>

x → Qop

<latexit sha1_base64="Me608yMeqp7MVSTaBT6OvjHNepc=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BKvgqSQi1WPBi8cK9gOaWCbbTbt0s1l2N0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZeJDnTxvO+ncLa+sbmVnG7tLO7t39QPjxq6TRThDZJylPViVBTzgRtGmY47UhFMYk4bUej25nffqJKs1Q8mLGkYYIDwWJG0FgpCJDLIT4G2qDqlSte1ZvDXSV+TiqQo9ErfwX9lGQJFYZw1Lrre9KEE1SGEU6npSDTVCIZ4YB2LRWYUB1O5jdP3XOr9N04VbaEcefq74kJJlqPk8h2JmiGetmbif953czEN+GECZkZKshiUZxx16TuLAC3zxQlho8tQaKYvdUlQ1RIjI2pZEPwl19eJa3Lql+r1u6vKvWzPI4inMApXIAP11CHO2hAEwhIeIZXeHMy58V5dz4WrQUnnzmGP3A+fwAwDpG1</latexit>

ωω

Query—Live-stream of IoT

Few-shot adaptation

Sample k ben-
ign samples

Expert

<latexit sha1_base64="vDtdDFZHd/Qz7Z1tOifxaK5+k8Q=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSpUkLIrUj0WvHisYD+kXZZsmm1Dk+ySZIWy9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5YcKZNq777aysrq1vbBa2its7u3v7pYPDlo5TRWiTxDxWnRBrypmkTcMMp51EUSxCTtvh6Hbqt5+o0iyWD2acUF/ggWQRI9hY6bHSCfQFCfR5UCq7VXcGtEy8nJQhRyMoffX6MUkFlYZwrHXXcxPjZ1gZRjidFHuppgkmIzygXUslFlT72ezgCTqzSh9FsbIlDZqpvycyLLQei9B2CmyGetGbiv953dREN37GZJIaKsl8UZRyZGI0/R71maLE8LElmChmb0VkiBUmxmZUtCF4iy8vk9Zl1atVa/dX5fppHkcBjuEEKuDBNdThDhrQBAICnuEV3hzlvDjvzse8dcXJZ47gD5zPH7Mjj50=</latexit>

(Xs, cs)

<latexit sha1_base64="CRDO/INz8CvE9aJHu3CgJvetUVg=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG7ZXKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+xAY1V</latexit>

c = 0
<latexit sha1_base64="duY7DYJeIjd3Fz7YXDvmlb6bT1s=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG65XKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+yhY1W</latexit>

c = 1

Figure: Proposed framework.
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Core Component 1: FT-Transformer

Why FT-Transformer? It is natively designed for tabular data.

Addresses the ”Architectural Mismatch”. No more forcing tabular
data into 2D images.

How it works (simplified):
1. Feature Tokenizer: Projects
each of the F scalar features into
a d-dimensional embedding (a
vector).
2. Transformer Encoder:
Applies self-attention across the
feature embeddings to learn deep,
complex interactions.
3. [CLS] Token: Aggregates the
full sequence of feature
information for a final
classification.

<latexit sha1_base64="Fisdmwz7vkVUNZSwiFm/70ooEnI=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBXqpiQi1WVBEJdV+oImlslk2g6dTMLMRCwhKzf+ihsXirj1G9z5N07aLLT1wIXDOfdy7z1exKhUlvVtLCwuLa+sFtaK6xubW9vmzm5LhrHApIlDFoqOhyRhlJOmooqRTiQICjxG2t7oMvPb90RIGvKGGkfEDdCA0z7FSGmpZx40yg8nDuVOgNTQ85Lb9C65chQNiIR+2jNLVsWaAM4TOyclkKPeM78cP8RxQLjCDEnZta1IuQkSimJG0qITSxIhPEID0tWUI73HTSZvpPBYKz7sh0IXV3Ci/p5IUCDlOPB0Z3atnPUy8T+vG6v+hZtQHsWKcDxd1I8ZVCHMMoE+FQQrNtYEYUH1rRAPkUBY6eSKOgR79uV50jqt2NVK9easVDvK4yiAfXAIysAG56AGrkEdNAEGj+AZvII348l4Md6Nj2nrgpHP7IE/MD5/APYCmLw=</latexit>

T (x) → RF→d

Feature
Tokenizer

Put	[CLS] token

Transformers

Head 
(Dense)

<latexit sha1_base64="jyAaYrj+9OANKST2ilnx9f3zHJE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWAV6qYkItVlwY0rqWIf0MQymU7aoZNJmJkINWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4EaNSWda3UVhYXFpeKa6W1tY3NrfM7Z2WDGOBSROHLBQdD0nCKCdNRRUjnUgQFHiMtL3RRea374mQNOS3ahwRN0ADTn2KkdJSz9zzKw/HDuVOgNTQ85Kb9C65Sks9s2xVrQngPLFzUgY5Gj3zy+mHOA4IV5ghKbu2FSk3QUJRzEhacmJJIoRHaEC6mnIUEOkmk/wpPNJKH/qh0I8rOFF/byQokHIceHoyiylnvUz8z+vGyj93E8qjWBGOp4f8mEEVwqwM2KeCYMXGmiAsqM4K8RAJhJWuLCvBnv3yPGmdVO1atXZ9Wq4f5nUUwT44ABVggzNQB5egAZoAg0fwDF7Bm/FkvBjvxsd0tGDkO7vgD4zPH1tGlZo=</latexit>

f(z) → RNOutput logits

[C
LS

]
[C

LS
]

Input 
<latexit sha1_base64="VB5SIfbV0PIiS36ruUF3rIewr1I=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiQi1WVBEJdV7AOaWCbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctF1o64GBwzn3cs+cIOFMacf5tgorq2vrG8XN0tb2zu6evX/QVHEqCW2QmMeyHWBFORO0oZnmtJ1IiqOA01YwvM791ohKxWLxoMcJ9SPcFyxkBGsjdW37yWPCi7AeBEF2P3m86dplp+JMgZaJOydlmKPetb+8XkzSiApNOFaq4zqJ9jMsNSOcTkpeqmiCyRD3acdQgSOq/GyafIJOjdJDYSzNExpN1d8bGY6UGkeBmcwzqkUvF//zOqkOr/yMiSTVVJDZoTDlSMcorwH1mKRE87EhmEhmsiIywBITbcoqmRLcxS8vk+Z5xa1WqncX5drJvI4iHMExnIELl1CDW6hDAwiM4Ble4c3KrBfr3fqYjRas+c4h/IH1+QOsu5Ob</latexit>

x → RF

<latexit sha1_base64="9cOMVCEuWfIdR8Geskmha/r0Wpg="></latexit>

z = Enc
(
T (x)

)
[CLS]
→ Rd

<latexit sha1_base64="FWZJyduzrjFgzi/J2p6EpPf1KAY=">AAACBXicbVDLSsNAFL3xWeur6lIXg1VwUUoiUl0WBHFZwT6gCWEynbZDJ5MwMxFKyMaNv+LGhSJu/Qd3/o3TNgttPTBwOOce5t4TxJwpbdvf1tLyyuraemGjuLm1vbNb2ttvqSiRhDZJxCPZCbCinAna1Exz2oklxWHAaTsYXU/89gOVikXiXo9j6oV4IFifEayN5JeO3H4kMed+ypDLhJs6FbcXaVW5cbPML5Xtqj0FWiROTsqQo+GXvkyYJCEVmnCsVNexY+2lWGpGOM2KbqJojMkID2jXUIFDqrx0ekWGTo3SQ2Yd84RGU/V3IsWhUuMwMJMh1kM1703E/7xuovtXXspEnGgqyOyjfsKRjtCkEtRjkhLNx4ZgIpnZFZEhlphoU1zRlODMn7xIWudVp1at3V2U6yd5HQU4hGM4AwcuoQ630IAmEHiEZ3iFN+vJerHerY/Z6JKVZw7gD6zPHwwEmDQ=</latexit>→i→{1,...,F}

<latexit sha1_base64="E6bXkfkJ/4aA7dfqLV0/3UtanbQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbMLuRiyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtR1Sax/LBjBP0IzqQPOSMGivdP/V4r1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBbHI3F</latexit>xi
<latexit sha1_base64="ke2co24mAjauAo0+ZYetRo7UI+w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPR5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxbZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMT3vgZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZl1atVa/dXlfpZHkcRTuAULsCDa6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwA5mI2v</latexit>

bi
<latexit sha1_base64="u1GaxAegEKpVV+pb7+tuPHsd7Ig=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0gH3eL1fcqjsHWSVeTiqQo9Evf/UGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m586JedWGZAwVrakIXP190RGI60nUWA7I2pGetmbif953dSEN37GZZIalGyxKEwFMTGZ/U0GXCEzYmIJZYrbWwkbUUWZsemUbAje8surpHVZ9WrV2v1VpX6Wx1GEEziFC/DgGupwBw1oAoMhPMMrvDnCeXHenY9Fa8HJZ47hD5zPHz4qjbI=</latexit>ei

<latexit sha1_base64="j59Xxq9leWHc+2uOlSJE4mY0Wq4=">AAAB+3icbVDLSsNAFL3xWesr1qWbYBVclUSkuiy4cVnFPqCJYTKZtkMnkzAzEUvIr7hxoYhbf8Sdf+OkzUJbDwwczrmXe+YECaNS2fa3sbK6tr6xWdmqbu/s7u2bB7WujFOBSQfHLBb9AEnCKCcdRRUj/UQQFAWM9ILJdeH3HomQNOb3apoQL0IjTocUI6Ul36wpn7qUuxFS4yDI7vKH0DfrdsOewVomTknqUKLtm19uGOM0IlxhhqQcOHaivAwJRTEjedVNJUkQnqARGWjKUUSkl82y59apVkJrGAv9uLJm6u+NDEVSTqNATxYZ5aJXiP95g1QNr7yM8iRVhOP5oWHKLBVbRRFWSAXBik01QVhQndXCYyQQVrquqi7BWfzyMumeN5xmo3l7UW+dlHVU4AiO4QwcuIQW3EAbOoDhCZ7hFd6M3Hgx3o2P+eiKUe4cwh8Ynz9aaJSR</latexit>

ti → Rd

Feature tokenizer

<latexit sha1_base64="dj8Ae5efC8e5asORQXbPn+IkkbY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4ci4qZfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTG1S/xsfu2UnFtlQEKlbcVI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMMbPxNxkiKP2WJRmEqCisxeJwOhOUM5sYQyLeythI2opgxtQCUbgrf88ippXVa9WrV2f1Wpn+VxFOEETuECPLiGOtxBA5rA4BGe4RXeHOW8OO/Ox6K14OQzx/AHzucPsLePIQ==</latexit>→ <latexit sha1_base64="0yKT79v/iMENE7dBIQP+95b7L7s=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBqMgCGFXJHoMePGYgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5NbW9/Y3MpvF3Z29/YPiodHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWM7mZ+6wmV5rF8MOME/YgOJA85o8ZK9cteseSW3TnIKvEyUoIMtV7xq9uPWRqhNExQrTuemxh/QpXhTOC00E01JpSN6AA7lkoaofYn80On5NwqfRLGypY0ZK7+npjQSOtxFNjOiJqhXvZm4n9eJzXhrT/hMkkNSrZYFKaCmJjMviZ9rpAZMbaEMsXtrYQNqaLM2GwKNgRv+eVV0rwqe5VypX5dqp5lceThBE7hAjy4gSrcQw0awADhGV7hzXl0Xpx352PRmnOymWP4A+fzB2wRjJw=</latexit>

+
<latexit sha1_base64="0yKT79v/iMENE7dBIQP+95b7L7s=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBqMgCGFXJHoMePGYgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5NbW9/Y3MpvF3Z29/YPiodHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWM7mZ+6wmV5rF8MOME/YgOJA85o8ZK9cteseSW3TnIKvEyUoIMtV7xq9uPWRqhNExQrTuemxh/QpXhTOC00E01JpSN6AA7lkoaofYn80On5NwqfRLGypY0ZK7+npjQSOtxFNjOiJqhXvZm4n9eJzXhrT/hMkkNSrZYFKaCmJjMviZ9rpAZMbaEMsXtrYQNqaLM2GwKNgRv+eVV0rwqe5VypX5dqp5lceThBE7hAjy4gSrcQw0awADhGV7hzXl0Xpx352PRmnOymWP4A+fzB2wRjJw=</latexit>

+ <latexit sha1_base64="tS2KTI4wm9K3EMV2pN/q/sURvIE=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBqPgKeyKRC9CwIvHBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDfzW0+oNI/lgxkn6Ed0IHnIGTVWqt/2iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JedW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJb/wJl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZl2auUK/WrUvUsiyMPJ3AKF+DBNVThHmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP4dZjK4=</latexit>=
<latexit sha1_base64="4zjtqxEr1NhPDvbKp1ChM1wE26M=">AAAB83icbVBNSwMxEM36WetX1aOXYBV6Krsi1WPBiweRCvYDukvJptk2NMkuyaxYlv4NLx4U8eqf8ea/MW33oK0PBh7vzTAzL0wEN+C6387K6tr6xmZhq7i9s7u3Xzo4bJk41ZQ1aSxi3QmJYYIr1gQOgnUSzYgMBWuHo+up335k2vBYPcA4YYEkA8UjTglYyfeBPYGW2e3dpNIrld2qOwNeJl5OyihHo1f68vsxTSVTQAUxpuu5CQQZ0cCpYJOinxqWEDoiA9a1VBHJTJDNbp7gM6v0cRRrWwrwTP09kRFpzFiGtlMSGJpFbyr+53VTiK6CjKskBabofFGUCgwxngaA+1wzCmJsCaGa21sxHRJNKNiYijYEb/HlZdI6r3q1au3+olw/zeMooGN0girIQ5eojm5QAzURRQl6Rq/ozUmdF+fd+Zi3rjj5zBH6A+fzBwc5kZk=</latexit>

LN(
<latexit sha1_base64="qsQHVRciParyR3z9/pxHfjJVIQ8=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBqOgl7ArEj0GvHhMwDwgWcLspDcZMzu7zMwKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGdzO/9YRK81g+mHGCfkQHkoecUWOl+mWvWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcm6VPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rw1p9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaV6VvUq5Ur8uVc+yOPJwAqdwAR7cQBXuoQYNYIDwDK/w5jw6L86787FozTnZzDH8gfP5A2kJjJo=</latexit>

)

<latexit sha1_base64="jvNvf0eOpjZGWfp90KQjk7QEkJA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O7zfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAo1o2k</latexit>

Wi

Tabular data

Token sequence
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Core Component 1: FT-Transformer—implementation
details
==========================================================================================
Layer (type:depth-idx)                   Output Shape              Param #
==========================================================================================
FTTransformer                            [1, 5]                    160
├─FeatureTokenizer: 1-1                  [1, 100, 160]             48,000
│    └─LayerNorm: 2-1                    [1, 100, 160]             320
├─ModuleList: 1-2                        &'                        &'
│    └─TransformerBlock: 2-2             [1, 101, 160]             &'
│    │    └─LayerNorm: 3-1               [1, 101, 160]             320
│    │    └─MultiheadAttention: 3-2      [1, 101, 160]             103,040
│    │    └─Dropout: 3-3                 [1, 101, 160]             &'
│    │    └─LayerNorm: 3-4               [1, 101, 160]             320
│    │    └─Sequential: 3-5              [1, 101, 160]             205,600
│    │    └─Dropout: 3-6                 [1, 101, 160]             &'
│    └─TransformerBlock: 2-3             [1, 101, 160]             &'
│    │    └─LayerNorm: 3-7               [1, 101, 160]             320
│    │    └─MultiheadAttention: 3-8      [1, 101, 160]             103,040
│    │    └─Dropout: 3-9                 [1, 101, 160]             &'
│    │    └─LayerNorm: 3-10              [1, 101, 160]             320
│    │    └─Sequential: 3-11             [1, 101, 160]             205,600
│    │    └─Dropout: 3-12                [1, 101, 160]             &'
├─LayerNorm: 1-3                         [1, 101, 160]             320
├─Linear: 1-4                            [1, 5]                    805
==========================================================================================
Total params: 668,165
Trainable params: 668,165
Non-trainable params: 0
Total mult-adds (Units.MEGABYTES): 0.41
==========================================================================================
Input size (MB): 0.00
Forward/backward pass size (MB): 2.07
Params size (MB): 1.66
Estimated Total Size (MB): 3.72
==========================================================================================
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Core Component 2: Efficient Meta-Learning

Problem: Full optimization-based meta-learning on a Transformer is
computationally infeasible (e.g., predicted >80GB VRAM).

Our Solution: A two-part efficiency strategy.
1 First-Order Approximation (FO-MAML):

We omit the expensive second-order (Hessian) calculations during the
outer-loop update.

2 Lightweight Inner Adaptation (ANIL-inspired):
In the inner loop (adaptation), we freeze the heavyweight Transformer
blocks (ψ).
We only adapt the lightweight parameters (ω):

The final Classification Head
All LayerNorm parameters

Result: Makes meta-learning a high-capacity Transformer practical and
tractable.
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}

5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for

17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episode builder: Episodes are constructed as balanced N-way tasks with
disjoint support and query subsets per class.

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

Require: Dataset D = {(xi , ci )}i∈I with xi ∈ RF , ci ∈ {0, . . . , L−1}
Require: Classes per episode N ≥ 2, support per class k, query per class q

Convention: all draws are uniform without replacement.

1: ns := N · k and nq := N · q
Ensure: Xs ∈ Rns×F , cs ∈ {0, . . . ,N−1}ns
Ensure: Xq ∈ Rnq×F , cq ∈ {0, . . . ,N−1}nq

2: function BuildEpisode(D,N, k, q)

3: C ← { c | ∃i ∈ I : ci = c } ▷ available class IDs

4: Cother ← C \ {0}
5: Select A ⊂ Cother with |A| = N−1

6: Define ϕ : {0, . . . ,N−1} → {0} ∪ A by ϕ(0)=0 and a bijection
on the rest

7: Xs ← [ ], cs ← [ ], Xq ← [ ], cq ← [ ]

8: for j = 0 to N−1 do

9: c ← ϕ(j); Ic ← { i ∈ I | ci = c }
10: Choose Sc ⊂ Ic with |Sc | = k

11: Choose Qc ⊂ Ic \ Sc with |Qc | = q

12: Xs ← Xs ∥ {xi : i ∈ Sc}
13: cs ← cs ∥ (j, . . . , j) (k times)

14: Xq ← Xq ∥ {xi : i ∈ Qc}
15: cq ← cq ∥ (j, . . . , j) (q times)

16: end for
17: return (Xs , cs , Xq , cq)

18: end function
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

For each eposide τ = (Xs , cs ,Xq, cq), the
within-episode training loss on the support is the
average cross-entropy,

ℓs(θ; τ) =
1

|Xs |
∑

(x,c)∈(Xs ,cs )

L
(
fθ(x), c

)
, (1)

ℓq(θ; τ) =
1

|Xq|
∑

(x,c)∈(Xq,cq)

L
(
fθ(x), c

)
(2)

with L the standard cross-entropy.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

For each eposide τ = (Xs , cs ,Xq, cq), the
within-episode training loss on the support is the
average cross-entropy,

ℓs(θ; τ) =
1

|Xs |
∑

(x,c)∈(Xs ,cs )

L
(
fθ(x), c

)
, (1)

ℓq(θ; τ) =
1

|Xq|
∑

(x,c)∈(Xq,cq)

L
(
fθ(x), c

)
(2)

with L the standard cross-entropy.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

For each eposide τ = (Xs , cs ,Xq, cq), the
within-episode training loss on the support is the
average cross-entropy,

ℓs(θ; τ) =
1

|Xs |
∑

(x,c)∈(Xs ,cs )

L
(
fθ(x), c

)
, (1)

ℓq(θ; τ) =
1

|Xq|
∑

(x,c)∈(Xq,cq)

L
(
fθ(x), c

)
(2)

with L the standard cross-entropy.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

For each eposide τ = (Xs , cs ,Xq, cq), the
within-episode training loss on the support is the
average cross-entropy,

ℓs(θ; τ) =
1

|Xs |
∑

(x,c)∈(Xs ,cs )

L
(
fθ(x), c

)
, (1)

ℓq(θ; τ) =
1

|Xq|
∑

(x,c)∈(Xq,cq)

L
(
fθ(x), c

)
(2)

with L the standard cross-entropy.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

We adapt θ on the support by
optimization-based updates and evaluate on the
query.

In the MetaSGD formulation, a learnable

step-size tensor α of the same structure as θ

scales the inner gradients:

θ(t+1) = θ(t) − α⊙∇θ(t)ℓs
(
θ(t); τ

)
. (3)

where,

t = 0, . . . , S−1,
θ(0) ≡ θ,
S is the number of inner steps.

The adapted parameters after S steps are
θ′ = θ(S).
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

We adapt θ on the support by
optimization-based updates and evaluate on the
query.

In the MetaSGD formulation, a learnable

step-size tensor α of the same structure as θ

scales the inner gradients:

θ(t+1) = θ(t) − α⊙∇θ(t)ℓs
(
θ(t); τ

)
. (3)

where,

t = 0, . . . , S−1,
θ(0) ≡ θ,
S is the number of inner steps.

The adapted parameters after S steps are
θ′ = θ(S).
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

We adapt θ on the support by
optimization-based updates and evaluate on the
query.

In the MetaSGD formulation, a learnable

step-size tensor α of the same structure as θ

scales the inner gradients:

θ(t+1) = θ(t) − α⊙∇θ(t)ℓs
(
θ(t); τ

)
. (3)

where,

t = 0, . . . , S−1,
θ(0) ≡ θ,
S is the number of inner steps.

The adapted parameters after S steps are
θ′ = θ(S).
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

We adapt θ on the support by
optimization-based updates and evaluate on the
query.

In the MetaSGD formulation, a learnable

step-size tensor α of the same structure as θ

scales the inner gradients:

θ(t+1) = θ(t) − α⊙∇θ(t)ℓs
(
θ(t); τ

)
. (3)

where,

t = 0, . . . , S−1,
θ(0) ≡ θ,
S is the number of inner steps.

The adapted parameters after S steps are
θ′ = θ(S).
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation→ Outer-loop
meta-objective

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

The meta-learner minimizes the expected query
loss after adaptation:

min
θ,α

Eτ∼p(τ)

[
ℓq
(
θ′(θ, α; τ); τ

) ]
(4)

where,

p(τ) is the episode distribution induced
by the data processor.

In practice, we use a meta-batch of B
episodes {τb}Bb=1 per outer iteration and
optimize the averaged query loss with Adam.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation→ Outer-loop
meta-objective

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

The meta-learner minimizes the expected query
loss after adaptation:

min
θ,α

Eτ∼p(τ)

[
ℓq
(
θ′(θ, α; τ); τ

) ]
(4)

where,

p(τ) is the episode distribution induced
by the data processor.

In practice, we use a meta-batch of B
episodes {τb}Bb=1 per outer iteration and
optimize the averaged query loss with Adam.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation→ Outer-loop
meta-objective

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

The meta-learner minimizes the expected query
loss after adaptation:

min
θ,α

Eτ∼p(τ)

[
ℓq
(
θ′(θ, α; τ); τ

) ]
(4)

where,

p(τ) is the episode distribution induced
by the data processor.

In practice, we use a meta-batch of B
episodes {τb}Bb=1 per outer iteration and
optimize the averaged query loss with Adam.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation→ Outer-loop
meta-objective

❸ Episode builder Algorithm 1

❹ Episodic meta-training Algorithm 2

Select N labels

Inner step (batch b)

k-shot support + 
q-query per label

<latexit sha1_base64="Rqm6ZaBOtSMt6LJv4IYIQ8b2/w0=">AAAB/nicbZDLSgMxFIbP1Futt1Fx5SZYhQpSZkSqy4IblxVsO9AOQybNtKGZS5OMUIaCr+LGhSJufQ53vo2ZtgttPZDw8f/nkJPfTziTyrK+jcLK6tr6RnGztLW9s7tn7h+0ZJwKQpsk5rFwfCwpZxFtKqY4dRJBcehz2vaHt7nffqRCsjh6UOOEuiHuRyxgBCsteeZRxfHkBSL55XijnEbnJc8sW1VrWmgZ7DmUYV4Nz/zq9mKShjRShGMpO7aVKDfDQjHC6aTUTSVNMBniPu1ojHBIpZtN15+gM630UBALfSKFpurviQyHUo5DX3eGWA3kopeL/3mdVAU3bsaiJFU0IrOHgpQjFaM8C9RjghLFxxowEUzvisgAC0yUTiwPwV788jK0Lqt2rVq7vyrXT+dxFOEYTqACNlxDHe6gAU0gkMEzvMKb8WS8GO/Gx6y1YMxnDuFPGZ8/0pmTYw==</latexit>

(Xs, cs, Xq, cq)

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Meta-model (FT-Transformer + Head)

<latexit sha1_base64="a3O0NdHukVIoAPr+cNvvdQx/1SM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120y7dbOLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpvt177JXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dULOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4bWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJoXFa9aqd5dlmuneRwFOIYTOAcPrqAGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QM2fI2t</latexit>

Xq

<latexit sha1_base64="AyAfGpNpouT1aU3ia5PaqKcUxYs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9Vjw4rGi/YA2lM120i7dbOLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtJ1Sax/LBjBP0IzqQPOSMGivds95jr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxZpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk+ZFxatWqneX5dppHkcBjuEEzsGDK6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBHPo24</latexit>cq

<latexit sha1_base64="jx79U+W+mQLFYmj243ukzsXgRpU=">AAAB9XicbVDLTgJBEJz1ifhCPXqZiCZ4IbvGoEcSLx4xyiOBhcwOvTBh9pGZXg3Z8B9ePGiMV//Fm3/jAHtQsJJOKlXd6e7yYik02va3tbK6tr6xmdvKb+/s7u0XDg4bOkoUhzqPZKRaHtMgRQh1FCihFStggSeh6Y1upn7zEZQWUfiA4xjcgA1C4QvO0EjdDg4BWc/rpqX780mvULTL9gx0mTgZKZIMtV7hq9OPeBJAiFwyrduOHaObMoWCS5jkO4mGmPERG0Db0JAFoN10dvWEnhmlT/1ImQqRztTfEykLtB4HnukMGA71ojcV//PaCfrXbirCOEEI+XyRn0iKEZ1GQPtCAUc5NoRxJcytlA+ZYhxNUHkTgrP48jJpXJSdSrlyd1msnmZx5MgxOSEl4pArUiW3pEbqhBNFnskrebOerBfr3fqYt65Y2cwR+QPr8wcHb5Ig</latexit>

ω
(S)
b

Query loss

<latexit sha1_base64="EGORLP68b2OmaUevtxT6KobFHuo=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oWy2m3btJht2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqGZVqxptMSaU7ATVcipg3UaDknURzGgWSt4Px7cxvP3FthIofcJJwP6LDWISCUbRSq4cjjrRfrrhVdw6ySrycVCBHo1/+6g0USyMeI5PUmK7nJuhnVKNgkk9LvdTwhLIxHfKupTGNuPGz+bVTcm6VAQmVthUjmau/JzIaGTOJAtsZURyZZW8m/ud1Uwxv/EzESYo8ZotFYSoJKjJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVn1atXa/VWlfpbHUYQTOIUL8OAa6nAHDWgCg0d4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/noOPFQ==</latexit>

ω

Benign (0) anchored

Inner adaptation

Query

<latexit sha1_base64="ZwbTrYREQGO80XupJKxLwseTjxo=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBKvgqsyIVJcFNy5cVLAPaIeSSTNtaCYZk0yhDP0ONy4UcevHuPNvzLSz0NYDgcM593JPThBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxreZ355QpZkUj2YaUz/CQ8FCRrCxkt+LsBkRzNP7WT/olytu1Z0DrRIvJxXI0eiXv3oDSZKICkM41rrrubHxU6wMI5zOSr1E0xiTMR7SrqUCR1T76Tz0DJ1bZYBCqewTBs3V3xspjrSeRoGdzELqZS8T//O6iQlv/JSJODFUkMWhMOHISJQ1gAZMUWL41BJMFLNZERlhhYmxPZVsCd7yl1dJ67Lq1aq1h6tK/SyvowgncAoX4ME11OEOGtAEAk/wDK/w5kycF+fd+ViMFpx85xj+wPn8AfNpkiQ=</latexit>Lb

for each batch b

<latexit sha1_base64="iVA/PsnUH1WaH7tB6Bcrp6o0IAc=">AAACG3icbVDLSsNAFJ3UV62vqEs3wSq4KkmR6qZQdOPCRQX7gKaGyXTSDp1JwsxEKEP+w42/4saFIq4EF/6Nkzagth4YOHPOvdx7jx9TIqRtfxmFpeWV1bXiemljc2t7x9zda4so4Qi3UEQj3vWhwJSEuCWJpLgbcwyZT3HHH19mfucec0Gi8FZOYtxncBiSgCAoteSZVZdBOUKQquu07gYcIuWk6iJ1RcI85ded9C77/RR5vmeW7Yo9hbVInJyUQY6mZ364gwglDIcSUShEz7Fj2VeQS4IoTktuInAM0RgOcU/TEDIs+mp6W2oda2VgBRHXL5TWVP3doSATYsJ8XZktKea9TPzP6yUyOO8rEsaJxCGaDQoSasnIyoKyBoRjJOlEE4g40btaaAR1QFLHWdIhOPMnL5J2teLUKrWb03LjKI+jCA7AITgBDjgDDXAFmqAFEHgAT+AFvBqPxrPxZrzPSgtG3rMP/sD4/AaPLKJJ</latexit>

L =
1

B

B∑

b=1

Lb

Meta loss

<latexit sha1_base64="hGEaw63V5hnr/OPv50TbXamKCVU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Ae0oUy2m3btJht2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0jJVlDWpFFJ1AtRM8Jg1DTeCdRLFMAoEawfj25nffmJKcxk/mEnC/AiHMQ85RWOlVg9FMsJ+ueJW3TnIKvFyUoEcjX75qzeQNI1YbKhArbuemxg/Q2U4FWxa6qWaJUjHOGRdS2OMmPaz+bVTcm6VAQmlshUbMld/T2QYaT2JAtsZoRnpZW8m/ud1UxPe+BmPk9SwmC4WhakgRpLZ62TAFaNGTCxBqri9ldARKqTGBlSyIXjLL6+S1mXVq1Vr91eV+lkeRxFO4BQuwINrqMMdNKAJFB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AIYNjwU=</latexit>ω

Gradient
<latexit sha1_base64="ItIeKO3SSPKntWTpQ9ffnitdm7s=">AAACDXicbVBNS8NAEN34WetX1KOXYCt4KCURqR4LXjx4qGA/oAllst22SzebsDsRSugf8OJf8eJBEa/evflvTNoctPXBwOO9GWbm+ZHgGm3721hZXVvf2CxsFbd3dvf2zYPDlg5jRVmThiJUHR80E1yyJnIUrBMpBoEvWNsfX2d++4EpzUN5j5OIeQEMJR9wCphKPbPsSvAF9BIXRwyh4oKIRjB1K24AOKIgkttpsWeW7Ko9g7VMnJyUSI5Gz/xy+yGNAyaRCtC669gRegko5FSwadGNNYuAjmHIuimVEDDtJbNvptZpqvStQajSkmjN1N8TCQRaTwI/7cxu1IteJv7ndWMcXHkJl1GMTNL5okEsLAytLBqrzxWjKCYpAap4eqtFR6CAYhpgFoKz+PIyaZ1XnVq1dndRqpfzOArkmJyQM+KQS1InN6RBmoSSR/JMXsmb8WS8GO/Gx7x1xchnjsgfGJ8/fsSbvQ==</latexit>→ω,ε L

Logits

Meta optimizer
<latexit sha1_base64="0KgI+IVPQRUbp2CrmeJxcGmClJc=">AAACGXicbVDLSgNBEJyNrxhfqx69LEYhAQm7ItFjwIvHCOYB2Rh6J51kyOyDmV4hhPyGF3/FiwdFPOrJv3GT7EETCxpqqrqZ7vIiKTTZ9reRWVldW9/Ibua2tnd298z9g7oOY8WxxkMZqqYHGqUIsEaCJDYjheB7Ehve8HrqNx5QaREGdzSKsO1DPxA9wYESqWPaBZcGSHDvagJ15oKMBumj6PaRdOqnTjHXMfN2yZ7BWiZOSvIsRbVjfrrdkMc+BsQlaN1y7IjaY1AkuMRJzo01RsCH0MdWQgPwUbfHs8sm1mmidK1eqJIKyJqpvyfG4Gs98r2k0wca6EVvKv7ntWLqXbXHIohiwoDPP+rF0qLQmsZkdYVCTnKUEOBKJLtafAAKOCVhTkNwFk9eJvXzklMulW8v8pWTNI4sO2LHrMAcdskq7IZVWY1x9sie2St7M56MF+Pd+Ji3Zox05pD9gfH1A9yBoBs=</latexit>

(ωω, εω)→ (ω, ε)

The meta-learner minimizes the expected query
loss after adaptation:

min
θ,α

Eτ∼p(τ)

[
ℓq
(
θ′(θ, α; τ); τ

) ]
(4)

where,

p(τ) is the episode distribution induced
by the data processor.

In practice, we use a meta-batch of B
episodes {τb}Bb=1 per outer iteration and
optimize the averaged query loss with Adam.
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Inner-loop adaptation→ Outer-loop
meta-objective

Require: Scaled dataset D = {(xi , ci )}i ; episode builder BuildEpisode; classes per episode N;
shots k; queries q; inner steps S ; meta-batch size B; outer iters (epochs) E ; model fθ; step
sizes α (fixed or learnable).

Ensure: Meta-initialization (θ⋆, α⋆); held-out metrics.
1: Initialize θ (and α if learnable); choose outer optimizer Opt
2: for e = 1 to E do ▷ outer loop
3: L ← 0
4: for b = 1 to B do ▷ sample a meta-batch of episodes
5: τb ← BuildEpisode(D,N, k, q)

6: θ
(0)
b ← θ

7: for s = 0 to S−1 do ▷ inner adaptation

8: g ← ∇
θ
(s)
b

ℓs(θ
(s)
b ; τb)

9: θ
(s+1)
b ← θ

(s)
b − α⊙ g

10: end for
11: L ← L+ ℓq(θ

(S)
b ; τb) ▷ query loss

12: end for
13: L ← L/B
14: Update (θ, α)← Opt.step

(
∇θ,α L

)
15: end for
16: (θ⋆, α⋆)← (θ, α)
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Core Component 2: Efficient Meta-Learning—in detail

Episodic meta-training Meta-loss → Light-weight Inner-loop
adaptation→ Outer-loop meta-objective

Problem. The inner-loop adaptation of the entire model θ still incurs
a significant computational cost, as gradients for all backbone
parameters must be computed across S steps.

We partition the model parameters θ = (ψ, ω) into
1 heavyweight backbone parameters ψ (e.g., Attention and FFN layers)
2 lightweight adaptation parameters ω (i.e., the classification head and

all LayerNorm affine parameters).

We freeze ψ in the inner loop and adapt only ω:

ω(t+1) = ω(t) − αω ⊙∇ω(t)ℓs
(
(ψ, ω(t)); τ

)
, (5)

ψ(t+1) = ψ(t) ≡ ψ. (6)

Note that the outer gradient still updates both ψ and ω (and αω) using
the query loss evaluated at the adapted parameters.
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Core Component 3: Intrusion detector

Operational episode

❺ Zero-day few-shot adaptation Algorithm 3

❻ Intrusion detector

Packets under 
zero-day attacksBenign packets

Data preparation

Packet dump collection + data preparation

Prediction

Curate k zero-
day samples

<latexit sha1_base64="/KrYjztLGvVv+9HxTIL+jh3HHWs="></latexit>

ĉ(x) = arg max
k→{0,1}

[fω→
op

(x)]k

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Logits

<latexit sha1_base64="0l29DSp7K/BfvMw83BgFrkUGNJg=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CVbRVUlEqsuCG5cV7AOaECbTSTt0JhNmboQSs/BX3LhQxK2/4c6/MWmz0NYDA4dz7uWeOUHMmQbb/jaWlldW19YrG9XNre2dXXNvv6NloghtE8ml6gVYU84i2gYGnPZiRbEIOO0G45vC7z5QpZmM7mESU0/gYcRCRjDkkm8eujCigM/81BUYRkqkMs6yqm/W7Lo9hbVInJLUUImWb365A0kSQSMgHGvdd+wYvBQrYITTrOommsaYjPGQ9nMaYUG1l07zZ9ZprgysUKr8RWBN1d8bKRZaT0SQTxYh9bxXiP95/QTCay9lUZwAjcjsUJhwC6RVlGENmKIE+CQnmCiWZ7XICCtMIK+sKMGZ//Ii6VzUnUa9cXdZa56UdVTQETpG58hBV6iJblELtRFBj+gZvaI348l4Md6Nj9noklHuHKA/MD5/ADxBlio=</latexit>

ω→op

<latexit sha1_base64="q5PF00TaawpPc1ob36R149ZzhZE=">AAAB83icbVBNS8NAEN3Ur1q/qh69LFbBU0lEqseCF48V7Ac0sUy2m3bpZhN2J0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ncLa+sbmVnG7tLO7t39QPjxqmSTTjDdZIhPdCcFwKRRvokDJO6nmEIeSt8PR7cxvP3FtRKIecJzyIIaBEpFggFbyfRxyhEffIOheueJW3TnoKvFyUiE5Gr3yl99PWBZzhUyCMV3PTTGYgEbBJJ+W/MzwFNgIBrxrqYKYm2Ayv3lKz63Sp1GibSmkc/X3xARiY8ZxaDtjwKFZ9mbif143w+gmmAiVZsgVWyyKMkkxobMAaF9ozlCOLQGmhb2VsiFoYGhjKtkQvOWXV0nrsurVqrX7q0r9LI+jSE7IKbkgHrkmdXJHGqRJGEnJM3klb07mvDjvzseiteDkM8fkD5zPH0jkkcU=</latexit>

ωω
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x → Qop
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ωω

Query—Live-stream of IoT

Few-shot adaptation

Sample k ben-
ign samples

Expert

<latexit sha1_base64="vDtdDFZHd/Qz7Z1tOifxaK5+k8Q=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSpUkLIrUj0WvHisYD+kXZZsmm1Dk+ySZIWy9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5YcKZNq777aysrq1vbBa2its7u3v7pYPDlo5TRWiTxDxWnRBrypmkTcMMp51EUSxCTtvh6Hbqt5+o0iyWD2acUF/ggWQRI9hY6bHSCfQFCfR5UCq7VXcGtEy8nJQhRyMoffX6MUkFlYZwrHXXcxPjZ1gZRjidFHuppgkmIzygXUslFlT72ezgCTqzSh9FsbIlDZqpvycyLLQei9B2CmyGetGbiv953dREN37GZJIaKsl8UZRyZGI0/R71maLE8LElmChmb0VkiBUmxmZUtCF4iy8vk9Zl1atVa/dX5fppHkcBjuEEKuDBNdThDhrQBAICnuEV3hzlvDjvzse8dcXJZ47gD5zPH7Mjj50=</latexit>

(Xs, cs)

<latexit sha1_base64="CRDO/INz8CvE9aJHu3CgJvetUVg=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG7ZXKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+xAY1V</latexit>

c = 0
<latexit sha1_base64="duY7DYJeIjd3Fz7YXDvmlb6bT1s=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG65XKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+yhY1W</latexit>

c = 1

We target binary intrusion detection in
deployment; hence we set N = 2.

With
episodic labels {0, 1} corresponding to
benign (anchor, 0) and attack (1).
Let τop = (Xs , cs ,Qop) denote an
operational episode, where,

Xs and cs are on-site labeled support
pairs

Qop is a batch or live stream of
unlabeled packets to be classified.
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Core Component 3: Intrusion detector

Operational episode

❺ Zero-day few-shot adaptation Algorithm 3

❻ Intrusion detector

Packets under 
zero-day attacksBenign packets

Data preparation

Packet dump collection + data preparation

Prediction

Curate k zero-
day samples

<latexit sha1_base64="/KrYjztLGvVv+9HxTIL+jh3HHWs="></latexit>

ĉ(x) = arg max
k→{0,1}

[fω→
op

(x)]k

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Logits

<latexit sha1_base64="0l29DSp7K/BfvMw83BgFrkUGNJg=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CVbRVUlEqsuCG5cV7AOaECbTSTt0JhNmboQSs/BX3LhQxK2/4c6/MWmz0NYDA4dz7uWeOUHMmQbb/jaWlldW19YrG9XNre2dXXNvv6NloghtE8ml6gVYU84i2gYGnPZiRbEIOO0G45vC7z5QpZmM7mESU0/gYcRCRjDkkm8eujCigM/81BUYRkqkMs6yqm/W7Lo9hbVInJLUUImWb365A0kSQSMgHGvdd+wYvBQrYITTrOommsaYjPGQ9nMaYUG1l07zZ9ZprgysUKr8RWBN1d8bKRZaT0SQTxYh9bxXiP95/QTCay9lUZwAjcjsUJhwC6RVlGENmKIE+CQnmCiWZ7XICCtMIK+sKMGZ//Ii6VzUnUa9cXdZa56UdVTQETpG58hBV6iJblELtRFBj+gZvaI348l4Md6Nj9noklHuHKA/MD5/ADxBlio=</latexit>

ω→op

<latexit sha1_base64="q5PF00TaawpPc1ob36R149ZzhZE=">AAAB83icbVBNS8NAEN3Ur1q/qh69LFbBU0lEqseCF48V7Ac0sUy2m3bpZhN2J0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ncLa+sbmVnG7tLO7t39QPjxqmSTTjDdZIhPdCcFwKRRvokDJO6nmEIeSt8PR7cxvP3FtRKIecJzyIIaBEpFggFbyfRxyhEffIOheueJW3TnoKvFyUiE5Gr3yl99PWBZzhUyCMV3PTTGYgEbBJJ+W/MzwFNgIBrxrqYKYm2Ayv3lKz63Sp1GibSmkc/X3xARiY8ZxaDtjwKFZ9mbif143w+gmmAiVZsgVWyyKMkkxobMAaF9ozlCOLQGmhb2VsiFoYGhjKtkQvOWXV0nrsurVqrX7q0r9LI+jSE7IKbkgHrkmdXJHGqRJGEnJM3klb07mvDjvzseiteDkM8fkD5zPH0jkkcU=</latexit>

ωω

<latexit sha1_base64="HPJY1yvXCQflR1lpzdkBLu4S74Y=">AAACB3icbVDLSsNAFJ3UV62vqEtBBqvgqiQi1WXBjcsW7AOaECbTSTt0MgkzE7GE7Nz4K25cKOLWX3Dn3zhJs9DWAwNnzrmXe+/xY0alsqxvo7Kyura+Ud2sbW3v7O6Z+wc9GSUCky6OWCQGPpKEUU66iipGBrEgKPQZ6fvTm9zv3xMhacTv1CwmbojGnAYUI6Ulzzx+cCh3QqQmGLG0k3lp8RFhGsVZVvPMutWwCsBlYpekDkq0PfPLGUU4CQlXmCEph7YVKzdFQlHMSFZzEklihKdoTIaachQS6abFHRk808oIBpHQjytYqL87UhRKOQt9XZkvKRe9XPzPGyYquHZTyuNEEY7ng4KEQRXBPBQ4ooJgxWaaICyo3hXiCRIIKx1dHoK9ePIy6V007Gaj2bmst07LOKrgCJyAc2CDK9ACt6ANugCDR/AMXsGb8WS8GO/Gx7y0YpQ9h+APjM8fJfqaCw==</latexit>

x → Qop

<latexit sha1_base64="Me608yMeqp7MVSTaBT6OvjHNepc=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BKvgqSQi1WPBi8cK9gOaWCbbTbt0s1l2N0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZeJDnTxvO+ncLa+sbmVnG7tLO7t39QPjxq6TRThDZJylPViVBTzgRtGmY47UhFMYk4bUej25nffqJKs1Q8mLGkYYIDwWJG0FgpCJDLIT4G2qDqlSte1ZvDXSV+TiqQo9ErfwX9lGQJFYZw1Lrre9KEE1SGEU6npSDTVCIZ4YB2LRWYUB1O5jdP3XOr9N04VbaEcefq74kJJlqPk8h2JmiGetmbif953czEN+GECZkZKshiUZxx16TuLAC3zxQlho8tQaKYvdUlQ1RIjI2pZEPwl19eJa3Lql+r1u6vKvWzPI4inMApXIAP11CHO2hAEwhIeIZXeHMy58V5dz4WrQUnnzmGP3A+fwAwDpG1</latexit>

ωω

Query—Live-stream of IoT

Few-shot adaptation

Sample k ben-
ign samples

Expert

<latexit sha1_base64="vDtdDFZHd/Qz7Z1tOifxaK5+k8Q=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSpUkLIrUj0WvHisYD+kXZZsmm1Dk+ySZIWy9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5YcKZNq777aysrq1vbBa2its7u3v7pYPDlo5TRWiTxDxWnRBrypmkTcMMp51EUSxCTtvh6Hbqt5+o0iyWD2acUF/ggWQRI9hY6bHSCfQFCfR5UCq7VXcGtEy8nJQhRyMoffX6MUkFlYZwrHXXcxPjZ1gZRjidFHuppgkmIzygXUslFlT72ezgCTqzSh9FsbIlDZqpvycyLLQei9B2CmyGetGbiv953dREN37GZJIaKsl8UZRyZGI0/R71maLE8LElmChmb0VkiBUmxmZUtCF4iy8vk9Zl1atVa/dX5fppHkcBjuEEKuDBNdThDhrQBAICnuEV3hzlvDjvzse8dcXJZ47gD5zPH7Mjj50=</latexit>

(Xs, cs)

<latexit sha1_base64="CRDO/INz8CvE9aJHu3CgJvetUVg=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG7ZXKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+xAY1V</latexit>

c = 0
<latexit sha1_base64="duY7DYJeIjd3Fz7YXDvmlb6bT1s=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG65XKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+yhY1W</latexit>

c = 1

We target binary intrusion detection in
deployment; hence we set N = 2. With
episodic labels {0, 1} corresponding to
benign (anchor, 0) and attack (1).

Let τop = (Xs , cs ,Qop) denote an
operational episode, where,

Xs and cs are on-site labeled support
pairs

Qop is a batch or live stream of
unlabeled packets to be classified.
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Core Component 3: Intrusion detector

Operational episode

❺ Zero-day few-shot adaptation Algorithm 3

❻ Intrusion detector

Packets under 
zero-day attacksBenign packets

Data preparation

Packet dump collection + data preparation

Prediction

Curate k zero-
day samples

<latexit sha1_base64="/KrYjztLGvVv+9HxTIL+jh3HHWs="></latexit>

ĉ(x) = arg max
k→{0,1}

[fω→
op

(x)]k

<latexit sha1_base64="xSO6HjLYGR15O4MEy31Gg5myvjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00OnrfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTm3yoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa3Lqler1u6vKvWzPI4inMApXIAH11CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA5hI2v</latexit>

Xs
<latexit sha1_base64="SH+IcX9yZLGbLgLm67PRU5hi0Tc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LFbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9Y3/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsm5VQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSeuy6tWqtfurSv0sj6MIJ3AKF+DBNdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP0pGjbo=</latexit>cs

Logits

<latexit sha1_base64="0l29DSp7K/BfvMw83BgFrkUGNJg=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CVbRVUlEqsuCG5cV7AOaECbTSTt0JhNmboQSs/BX3LhQxK2/4c6/MWmz0NYDA4dz7uWeOUHMmQbb/jaWlldW19YrG9XNre2dXXNvv6NloghtE8ml6gVYU84i2gYGnPZiRbEIOO0G45vC7z5QpZmM7mESU0/gYcRCRjDkkm8eujCigM/81BUYRkqkMs6yqm/W7Lo9hbVInJLUUImWb365A0kSQSMgHGvdd+wYvBQrYITTrOommsaYjPGQ9nMaYUG1l07zZ9ZprgysUKr8RWBN1d8bKRZaT0SQTxYh9bxXiP95/QTCay9lUZwAjcjsUJhwC6RVlGENmKIE+CQnmCiWZ7XICCtMIK+sKMGZ//Ii6VzUnUa9cXdZa56UdVTQETpG58hBV6iJblELtRFBj+gZvaI348l4Md6Nj9noklHuHKA/MD5/ADxBlio=</latexit>

ω→op

<latexit sha1_base64="q5PF00TaawpPc1ob36R149ZzhZE=">AAAB83icbVBNS8NAEN3Ur1q/qh69LFbBU0lEqseCF48V7Ac0sUy2m3bpZhN2J0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ncLa+sbmVnG7tLO7t39QPjxqmSTTjDdZIhPdCcFwKRRvokDJO6nmEIeSt8PR7cxvP3FtRKIecJzyIIaBEpFggFbyfRxyhEffIOheueJW3TnoKvFyUiE5Gr3yl99PWBZzhUyCMV3PTTGYgEbBJJ+W/MzwFNgIBrxrqYKYm2Ayv3lKz63Sp1GibSmkc/X3xARiY8ZxaDtjwKFZ9mbif143w+gmmAiVZsgVWyyKMkkxobMAaF9ozlCOLQGmhb2VsiFoYGhjKtkQvOWXV0nrsurVqrX7q0r9LI+jSE7IKbkgHrkmdXJHGqRJGEnJM3klb07mvDjvzseiteDkM8fkD5zPH0jkkcU=</latexit>

ωω

<latexit sha1_base64="HPJY1yvXCQflR1lpzdkBLu4S74Y=">AAACB3icbVDLSsNAFJ3UV62vqEtBBqvgqiQi1WXBjcsW7AOaECbTSTt0MgkzE7GE7Nz4K25cKOLWX3Dn3zhJs9DWAwNnzrmXe+/xY0alsqxvo7Kyura+Ud2sbW3v7O6Z+wc9GSUCky6OWCQGPpKEUU66iipGBrEgKPQZ6fvTm9zv3xMhacTv1CwmbojGnAYUI6Ulzzx+cCh3QqQmGLG0k3lp8RFhGsVZVvPMutWwCsBlYpekDkq0PfPLGUU4CQlXmCEph7YVKzdFQlHMSFZzEklihKdoTIaachQS6abFHRk808oIBpHQjytYqL87UhRKOQt9XZkvKRe9XPzPGyYquHZTyuNEEY7ng4KEQRXBPBQ4ooJgxWaaICyo3hXiCRIIKx1dHoK9ePIy6V007Gaj2bmst07LOKrgCJyAc2CDK9ACt6ANugCDR/AMXsGb8WS8GO/Gx7y0YpQ9h+APjM8fJfqaCw==</latexit>

x → Qop

<latexit sha1_base64="Me608yMeqp7MVSTaBT6OvjHNepc=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BKvgqSQi1WPBi8cK9gOaWCbbTbt0s1l2N0Ip/RtePCji1T/jzX/jts1BWx8MPN6bYWZeJDnTxvO+ncLa+sbmVnG7tLO7t39QPjxq6TRThDZJylPViVBTzgRtGmY47UhFMYk4bUej25nffqJKs1Q8mLGkYYIDwWJG0FgpCJDLIT4G2qDqlSte1ZvDXSV+TiqQo9ErfwX9lGQJFYZw1Lrre9KEE1SGEU6npSDTVCIZ4YB2LRWYUB1O5jdP3XOr9N04VbaEcefq74kJJlqPk8h2JmiGetmbif953czEN+GECZkZKshiUZxx16TuLAC3zxQlho8tQaKYvdUlQ1RIjI2pZEPwl19eJa3Lql+r1u6vKvWzPI4inMApXIAP11CHO2hAEwhIeIZXeHMy58V5dz4WrQUnnzmGP3A+fwAwDpG1</latexit>

ωω

Query—Live-stream of IoT

Few-shot adaptation

Sample k ben-
ign samples

Expert

<latexit sha1_base64="vDtdDFZHd/Qz7Z1tOifxaK5+k8Q=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSpUkLIrUj0WvHisYD+kXZZsmm1Dk+ySZIWy9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5YcKZNq777aysrq1vbBa2its7u3v7pYPDlo5TRWiTxDxWnRBrypmkTcMMp51EUSxCTtvh6Hbqt5+o0iyWD2acUF/ggWQRI9hY6bHSCfQFCfR5UCq7VXcGtEy8nJQhRyMoffX6MUkFlYZwrHXXcxPjZ1gZRjidFHuppgkmIzygXUslFlT72ezgCTqzSh9FsbIlDZqpvycyLLQei9B2CmyGetGbiv953dREN37GZJIaKsl8UZRyZGI0/R71maLE8LElmChmb0VkiBUmxmZUtCF4iy8vk9Zl1atVa/dX5fppHkcBjuEEKuDBNdThDhrQBAICnuEV3hzlvDjvzse8dcXJZ47gD5zPH7Mjj50=</latexit>

(Xs, cs)

<latexit sha1_base64="CRDO/INz8CvE9aJHu3CgJvetUVg=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG7ZXKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+xAY1V</latexit>

c = 0
<latexit sha1_base64="duY7DYJeIjd3Fz7YXDvmlb6bT1s=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KolI9SIUvHisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8NOME/YgOJA85o8ZKD+zG65XKbsWdgSwTLydlyFHvlb66/ZilEUrDBNW647mJ8TOqDGcCJ8VuqjGhbEQH2LFU0gi1n81OnZAzq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0ijYEb/HlZdK8qHjVSvX+slw7zeMowDGcwDl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvHXFyWeO4A+czx+yhY1W</latexit>

c = 1

We target binary intrusion detection in
deployment; hence we set N = 2. With
episodic labels {0, 1} corresponding to
benign (anchor, 0) and attack (1).
Let τop = (Xs , cs ,Qop) denote an
operational episode, where,

Xs and cs are on-site labeled support
pairs

Qop is a batch or live stream of
unlabeled packets to be classified.
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Xs
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c = 1

Require: Meta-initialization (θ⋆, α⋆);
operational episode τop = (Xs , cs ,Qop) with
labels {0: benign, 1: attack}; inner steps S .

Ensure: Predictions ĉ(x) ∈ {0, 1} for x ∈ Qop

(and scores if desired).
1: θ′op ← apply S inner steps to (θ⋆, α⋆) on

(Xs , cs)
2: for each x ∈ Qop do
3: ĉ(x) = argmaxk∈{0,1}[fθ′

op
(x)]k

4: end for
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Experimental Setup

Dataset: UQ-IoT-IDS-2021

A realistic, large-scale dataset collected from heterogeneous IoT devices
(smartphones, cameras, smart speakers, etc.).
10 classes total (9 attack families + 1 benign).

Features: Kitsune AfterImage

Extracts a 100-dimensional feature vector per packet, capturing
time-decayed statistics.

Zero-Day Protocol: Leave-One-Attack-Out (LOAO)
We train the meta-learner on 8 attack families.
We test its few-shot adaptation ability on the 9th, unseen attack family.
This protocol is repeated for all 9 attacks.

Task: k-shot binary classification (Benign vs. Zero-Day Attack). We
focus on k = 5 shots.
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Experimental Setup

Dataset: UQ-IoT-IDS-2021
41,404,983 packets in total.
17,422,556 (≈42%) benign packets.
23,982,427 (≈58%) attack packets.MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion Detection

Table 1
Overview of the UQ-IoT-IDS-2021 dataset. The total of 41,404,983 packets are available for 10 classes.

Class (Attack type) #packet dumps #packets Duration #packets/min #uniq. MAC addr. #uniq. IP addr. #uniq. flows
0. Benign 1 17,422,556 7 days, 3:00:01 1,698.10 43 12,134 1,170,975
1. ACK Flooding 8 8,910,000 0:19:02 70,632.41 27 490 520,482
2. ARP Spoofing 8 15,302 0:17:24 538.32 27 622 2,149
3. HTTP Flooding 1 683,408 0:02:07 323,385.98 13 31 14,143
4. Host Discovery 2 27,644 0:17:31 0.55 29 488 2,464
5. Port Scanning 8 41,624 0:04:39 202.26 22 323 17,066
6. SYN Flooding 8 5,521,169 0:16:43 43,333.23 27 449 940,632
7. Service Detection 8 92,644 0:26:23 430.13 25 662 21,803
8. Telnet brute force 2 129,072 0:28:46 1.07 17 501 1,119
9. UDP Flooding 8 8,561,564 0:19:36 494.88 22 488 524,161

• Directional tra!c intensity (MI_dir_*): per direction
(e.g., in/out), moving weight (e!ective sample mass
under decay), mean, and standard deviation—3 fea-
tures.

• Host–host statistics (HH_*): for a communicating pair,
multi-scale joint descriptors—weight/mean/std, radius
and magnitude (aggregate amplitudes), covariance, and
Pearson correlation (pcc)—that quantify co-variation
between coupled signals (e.g., size vs. timing)—7
features.

• Jitter statistics (HH_jit_*): multi-scale weight/mean/std
of inter-arrival variability to characterize burstiness
and timing irregularity—3 features.

• Aggregated pairwise descriptors (HpHp_*): higher-
level host-pair aggregates with the same family of
statistics (weight/mean/std, radius/magnitude, covari-
ance/pcc) to summarize local flow neighborhoods—7
features.

Together, these groups provide a balanced mix of global
(aggregate), local (recent), and per-flow behavior. Means and
standard deviations capture central tendency and dispersion;
covariance and correlation encode directional dependencies;
and weights/radii/magnitudes preserve the e!ect of exponen-
tial decay and overall activity at each time scale. Across these
descriptor groups, the distinct feature types per time scale sum
to 20. With five time scales mentioned above, AfterImage
yields 𝜔 = 20 ω 5 = 100 features per packet.
Necessity of scaling/standardization. The raw AfterImage
features are heterogeneous, multi-scale, and heavy-tailed.
Identical statistics measured at di!erent time constants can
di!er by orders of magnitude; several coordinates (notably
jitter-related magnitudes/variances) exhibit extreme spikes;
and signed quantities (covariance, correlation) can take large
negative values. These properties are clearly illustrated in
the grouped boxplots of the raw features shown in Figure 4.
Without normalization, the neural network is susceptible
to gradient domination by a small subset of large-scale
coordinates and to numerical instability. We therefore pre-
process the features by (i) applying a sign-safe compression
using the inverse hyperbolic sine transform, asinh(⋛); and
(ii) performing per-feature standardization. The resulting
parameters are fixed and used for validation and test. This
procedure places features on comparable scales and improves
optimization stability and class separability.

To visualize the structure of the resulting feature space
after standardization, we project the feature vectors into
two dimensions using both t-SNE and UMAP, as shown
in Figure 5. The visualizations suggest that while most
attack classes form relatively distinct clusters, features from
Host Discovery (Class 4) and Telnet Brute-force (Class
8) exhibit significant overlap with the Benign class (0).
This proximity hints at a higher distributional similarity,
potentially foreshadowing challenges in distinguishing these
specific attacks, especially in few-shot scenarios.

5. Experimental Results
This section discusses the implementation details, zero-

day detection performance after few-shot learning, per-
formance comparison with supervised and unsupervised
methods using the UQ-IoT-IDS-2021 dataset.
5.1. Implementation details

We implement our MetaFTT framework using PyTorch
2.7.1. The backbone model is the FT-Transformer as de-
scribed in §3.3, utilizing 𝜔 = 100 input features derived
from the Kitsune AfterImage extractor. Input features are
preprocessed using an asinh transformation followed by
standardization, as detailed in §3.1. Specific hyperparameters
for the FT-Transformer include an embedding dimension
𝜀 = 160, 𝜗enc = 2 Transformer blocks, 𝜛 = 8 attention
heads, a feed-forward dimension of 𝜀f f = 640, and a dropout
rate of 𝜚drop = 0.1. We employ the learnable feature identifier
embeddings (𝜍𝜑) within the Feature Tokenizer. A reader is
referred to two prior works [36, 14] for further information
about the parameters. For the classification head, we use a
standard linear layer with Kaiming initialization, mapping the
𝜀-dimensional summary vector to 𝛻 logits corresponding to
the episode’s class count.

Our primary meta-learning algorithm is MetaSGD, con-
figured to learn the step sizes 𝜕 alongside the model parame-
ters ℵ. The meta-optimizer used is Adam with a learning rate
of 10ε3. Following the computational e"ciency strategies
outlined in §3.4, we utilize a first-order approximation for
the outer-loop updates and employ the lightweight inner
adaptation variant, adapting only the classification head
and all LayerNorm parameters during the inner loop. We
set the number of inner adaptation steps to ℶ = 5, with
an initial inner learning rate 𝜕(0)ℷ set to 0.1 for all adapted
parameters ℷ. For episodic training, we construct 5-way
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Experimental Setup—Dataset overview
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Results: Performance vs. Baselines (Avg. F1-Score)

We compared MetaFTT (k = 5) against 7 baselinesp—see Appendix 2.

Table: Average F1-Score across all 9 zero-day scenarios.

Method Average F1-Score

Kitsune (Unsupervised) 0.6360
FT-Transformer (Fine-tuning) 0.8735

FC-Net (2020) 0.8631
FS-IDS (2022) 0.8705
MASiNet (2024) 0.8380
PTN-IDS (2024) 0.8385
MACML (2025) 0.8019

MetaFTT (Ours) 0.9240

Key Takeaway: MetaFTT achieves the highest average F1-score,
significantly outperforming standard fine-tuning and all five
state-of-the-art few-shot NIDS baselines.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 22 / 28



Results: Ablation Study

Question: Does our lightweight adaptation strategy work?
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We compared 4 configurations (Full vs.
Lightweight, Fixed vs. Learnable inner
LR).

Performance: All configurations
achieved comparable F1-scores
(0.924–0.930)—see Table 2.

Findings: Our proposed method
(bottom panel) converges significantly
faster (avg. best step 215) and to a
lower loss.

Conclusion: Our lightweight strategy
(ANIL=T, α-learn=T) maintains high
detection performance.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 23 / 28



Results: Ablation Study

Question: Does our lightweight adaptation strategy work?

10−2

10−1

100

M
et

a-
te

st
ep

is
od

ic
lo

ss

1

2

3

4

56

7

8

9

avg. best step=342
ANIL=F, α-learn=F

10−2

10−1

100

1

2

3

4

5 6

7

8

9

avg. best step=355
ANIL=F, α-learn=T

10−2

10−1

100

1

2

3

4

56

7
8

9

avg. best step=301
ANIL=T, α-learn=F

0 200 400 600
Steps

10−2

10−1

100

1

2

3

4

56

7

8

9

avg. best step=215
ANIL=T, α-learn=T

We compared 4 configurations (Full vs.
Lightweight, Fixed vs. Learnable inner
LR).

Performance: All configurations
achieved comparable F1-scores
(0.924–0.930)—see Table 2.

Findings: Our proposed method
(bottom panel) converges significantly
faster (avg. best step 215) and to a
lower loss.

Conclusion: Our lightweight strategy
(ANIL=T, α-learn=T) maintains high
detection performance.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 23 / 28



Results: Ablation Study

Question: Does our lightweight adaptation strategy work?

10−2

10−1

100

M
et

a-
te

st
ep

is
od

ic
lo

ss

1

2

3

4

56

7

8

9

avg. best step=342
ANIL=F, α-learn=F

10−2

10−1

100

1

2

3

4

5 6

7

8

9

avg. best step=355
ANIL=F, α-learn=T

10−2

10−1

100

1

2

3

4

56

7
8

9

avg. best step=301
ANIL=T, α-learn=F

0 200 400 600
Steps

10−2

10−1

100

1

2

3

4

56

7

8

9

avg. best step=215
ANIL=T, α-learn=T

We compared 4 configurations (Full vs.
Lightweight, Fixed vs. Learnable inner
LR).

Performance: All configurations
achieved comparable F1-scores
(0.924–0.930)—see Table 2.

Findings: Our proposed method
(bottom panel) converges significantly
faster (avg. best step 215) and to a
lower loss.

Conclusion: Our lightweight strategy
(ANIL=T, α-learn=T) maintains high
detection performance.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 23 / 28



Results: Ablation Study

Question: Does our lightweight adaptation strategy work?

10−2

10−1

100

M
et

a-
te

st
ep

is
od

ic
lo

ss

1

2

3

4

56

7

8

9

avg. best step=342
ANIL=F, α-learn=F

10−2

10−1

100

1

2

3

4

5 6

7

8

9

avg. best step=355
ANIL=F, α-learn=T

10−2

10−1

100

1

2

3

4

56

7
8

9

avg. best step=301
ANIL=T, α-learn=F

0 200 400 600
Steps

10−2

10−1

100

1

2

3

4

56

7

8

9

avg. best step=215
ANIL=T, α-learn=T

We compared 4 configurations (Full vs.
Lightweight, Fixed vs. Learnable inner
LR).

Performance: All configurations
achieved comparable F1-scores
(0.924–0.930)—see Table 2.

Findings: Our proposed method
(bottom panel) converges significantly
faster (avg. best step 215) and to a
lower loss.

Conclusion: Our lightweight strategy
(ANIL=T, α-learn=T) maintains high
detection performance.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 23 / 28



Results: Ablation Study

Question: Does our lightweight adaptation strategy work?

10−2

10−1

100

M
et

a-
te

st
ep

is
od

ic
lo

ss

1

2

3

4

56

7

8

9

avg. best step=342
ANIL=F, α-learn=F

10−2

10−1

100

1

2

3

4

5 6

7

8

9

avg. best step=355
ANIL=F, α-learn=T

10−2

10−1

100

1

2

3

4

56

7
8

9

avg. best step=301
ANIL=T, α-learn=F

0 200 400 600
Steps

10−2

10−1

100

1

2

3

4

56

7

8

9

avg. best step=215
ANIL=T, α-learn=T

We compared 4 configurations (Full vs.
Lightweight, Fixed vs. Learnable inner
LR).

Performance: All configurations
achieved comparable F1-scores
(0.924–0.930)—see Table 2.

Findings: Our proposed method
(bottom panel) converges significantly
faster (avg. best step 215) and to a
lower loss.

Conclusion: Our lightweight strategy
(ANIL=T, α-learn=T) maintains high
detection performance.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 23 / 28



Results: Ablation Study

Question: Does our lightweight adaptation strategy work?

10−2

10−1

100

M
et

a-
te

st
ep

is
od

ic
lo

ss

1

2

3

4

56

7

8

9

avg. best step=342
ANIL=F, α-learn=F

10−2

10−1

100

1

2

3

4

5 6

7

8

9

avg. best step=355
ANIL=F, α-learn=T

10−2

10−1

100

1

2

3

4

56

7
8

9

avg. best step=301
ANIL=T, α-learn=F

0 200 400 600
Steps

10−2

10−1

100

1

2

3

4

56

7

8

9

avg. best step=215
ANIL=T, α-learn=T

We compared 4 configurations (Full vs.
Lightweight, Fixed vs. Learnable inner
LR).

Performance: All configurations
achieved comparable F1-scores
(0.924–0.930)—see Table 2.

Findings: Our proposed method
(bottom panel) converges significantly
faster (avg. best step 215) and to a
lower loss.

Conclusion: Our lightweight strategy
(ANIL=T, α-learn=T) maintains high
detection performance.

Seonghoon Jeong MetaFTT: Meta-Learning-Based FT-Transformer for Few-Shot IoT Intrusion DetectionNovember 12, 2025 23 / 28



Results: Sensitivity to k (Shots) and S (Steps)

1

5

15

k
sh

ot

.997 .998 .997

.998 .999 .996

.999 .998 .998

Zero-day class 1

.889 .875 .891

.910 .913 .924

.928 .939 .951

Zero-day class 2

.998 .994 .997

.995 .998 .997

.998 1.000 .999

Zero-day class 3

1

5

15

k
sh

ot

.596 .599 .614

.690 .727 .697

.746 .735 .751

Zero-day class 4

.993 .986 .987

.990 .992 .992

.991 .991 .988

Zero-day class 5

.994 .994 .994

.996 .995 .990

.996 .996 .996

Zero-day class 6

1 5 15
inner steps

1

5

15

k
sh

ot

.889 .894 .903

.942 .938 .939

.954 .952 .954

Zero-day class 7

1 5 15
inner steps

.600 .645 .683

.783 .763 .808

.820 .843 .859

Zero-day class 8

1 5 15
inner steps

.992 .994 .984

.988 .991 .984

.993 .995 .995

Zero-day class 9

Performance is already strong at k = 5, S = 5.
Increasing shots (k = 15) or steps (S = 15) generally improves
F1-score, especially for more challenging attack classes (e.g., Class 7,
8).
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Conclusion

We proposed MetaFTT, a novel framework that integrates an
FT-Transformer with optimization-based meta-learning.

Key Contribution 1: We use an architecture (FT-Transformer) that
is natively suited for tabular network traffic, avoiding the CNN
”image” mismatch.

Key Contribution 2: We introduced a computationally efficient
meta-learning strategy (first-order approx. + lightweight inner
adaptation) that makes this high-capacity model practical.

Result: MetaFTT achieves state-of-the-art performance for few-shot,
zero-day attack detection on the realistic UQ-IoT-IDS-2021 dataset.

Impact: This provides a viable, scalable, and effective solution for
real-world IoT security.
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Thank You

Questions?
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Appendix 1. Grouped boxplots of the 100 Kitsune
AfterImage features by semantic family—Figure 4.
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Appendix 2.—Performance comparison between existing
methods using the same dataset. The bold numbers
represent the best F1-score per zero-day clas

Zero-day
class

Fine-tuning of FT-Transformer Kitsune (2018) FC-Net (2020) FS-IDS (2022)
Acc. Prec. Recall F1 Acc. Prec. Recall F1 Acc. Prec. Recall F1 Acc. Prec. Recall F1

1 0.9963 1.0000 0.9927 0.9963 0.9838 0.9980 0.9826 0.9903 0.9850 0.9727 0.9980 0.9852 0.9917 0.9867 0.9968 0.9917
2 0.8310 0.9733 0.6807 0.8011 0.9850 0.2656 0.4114 0.3228 0.7994 0.8536 0.7227 0.7827 0.7041 0.7155 0.6774 0.6960
3 0.9830 0.9925 0.9733 0.9828 0.9889 0.9748 0.9862 0.9805 0.9382 0.8900 1.0000 0.9418 0.9520 0.9126 0.9996 0.9541
4 0.6637 0.7163 0.5420 0.6171 0.9777 0.1806 0.1488 0.1632 0.6432 0.7585 0.4202 0.5408 0.6668 0.7512 0.4989 0.5996
5 0.9547 0.9942 0.9147 0.9528 0.9802 0.5775 0.5717 0.5746 0.9825 0.9859 0.9790 0.9825 0.9698 0.9750 0.9643 0.9696
6 0.9953 0.9993 0.9913 0.9953 0.9818 0.9968 0.9792 0.9879 0.9815 0.9752 0.9882 0.9817 0.9904 0.9826 0.9984 0.9905
7 0.8580 0.9727 0.7367 0.8384 0.9687 0.7511 0.5671 0.6463 0.8736 0.9692 0.7717 0.8592 0.8957 0.9877 0.8014 0.8848
8 0.7293 0.7991 0.6127 0.6936 0.9246 0.2211 0.0384 0.0654 0.8038 0.8428 0.7469 0.7919 0.8182 0.8611 0.7589 0.8067
9 0.9840 0.9946 0.9733 0.9838 0.9880 0.9979 0.9875 0.9927 0.8967 0.8589 0.9494 0.9019 0.9410 0.9333 0.9499 0.9415
Average 0.8884 0.9380 0.8242 0.8735 0.9754 0.6626 0.6303 0.6360 0.8782 0.9008 0.8418 0.8631 0.8811 0.9006 0.8495 0.8705

Zero-day
class

MASiNet (2024) PTN-IDS (2024) MACML (2025) Proposed MetaFTT (k = 5)
Acc. Prec. Recall F1 Acc. Prec. Recall F1 Acc. Prec. Recall F1 Acc. Prec. Recall F1

1 0.9826 0.9920 0.9730 0.9824 0.9818 0.9727 0.9914 0.9820 0.9887 0.9804 0.9974 0.9888 0.9990 0.9995 0.9984 0.9990
2 0.8911 0.9335 0.8423 0.8855 0.7508 0.7187 0.8240 0.7678 0.8748 0.8451 0.5990 0.7011 0.9146 0.9261 0.9010 0.9134
3 0.9910 0.9911 0.9908 0.9910 0.9558 0.9300 0.9858 0.9571 0.9940 0.9891 0.9990 0.9940 0.9982 0.9990 0.9974 0.9982
4 0.6220 0.7254 0.3927 0.5095 0.5132 0.5169 0.4045 0.4538 0.8189 0.8445 0.2531 0.3894 0.7346 0.7490 0.7057 0.7267
5 0.9278 0.9819 0.8717 0.9236 0.9293 0.9491 0.9073 0.9278 0.9831 0.9854 0.9807 0.9830 0.9924 0.9881 0.9969 0.9925
6 0.9935 0.9948 0.9922 0.9935 0.9805 0.9948 0.9661 0.9802 0.9910 0.9833 0.9989 0.9910 0.9945 0.9995 0.9896 0.9945
7 0.8203 0.9614 0.6673 0.7878 0.8935 0.8647 0.9329 0.8975 0.9442 0.9390 0.9502 0.9446 0.9380 0.9362 0.9401 0.9381
8 0.5493 0.5671 0.4169 0.4805 0.6676 0.7217 0.5456 0.6214 0.8907 0.4532 0.4421 0.4476 0.7549 0.7391 0.7880 0.7628
9 0.9882 0.9858 0.9907 0.9882 0.9601 0.9966 0.9233 0.9586 0.8130 0.9572 0.6553 0.7780 0.9911 0.9995 0.9828 0.9911
Average 0.8629 0.9037 0.7931 0.8380 0.8481 0.8517 0.8312 0.8385 0.9220 0.8864 0.7640 0.8019 0.9241 0.9262 0.9222 0.9240
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