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Abstract

This report synthesises findings from 16 peer-reviewed papers ad-
dressing the following research question: How does the integration of
sub-module attention in meta-learning frameworks impact the infer-
ence latency and memory usage when evaluated on benchmarks like
FewShot-COCO or tieredlmageNet. 18 claims were extracted from
source literature; 0 were independently verified against retrieved doc-
uments. An automated multi-reviewer quality assessment produced a
score of 1.8/10. This report is a machine-generated literature synthesis
and does not constitute original research.

1 Introduction

This paper examines: Meta-Learning via Feature-Label Memory Network.
Research question: How does the integration of sub-module attention in
meta-learning frameworks impact the inference latency and memory usage
when evaluated on benchmarks like FewShot-COCO or tieredlmageNet?.

2 Methodology

Systematic literature search across multiple databases yielded 16 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 1.8/10.

3 Results

16 papers retrieved. 18 claims extracted; 0 independently verified. Quality
review score: 1.8/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.



5 Extracted Claims

Claim Verified Confidence
The Omniglot dataset consists of 1623 charac- X 0.02
ters from 50 different alphabets.

The Omniglot dataset contains 20 samples per X 0.05
class.

In Experiment I, no data augmentation was per- X 0.04
formed on the Omniglot dataset.

In Experiment I, each episode contained 5 classes X 0.05
and 10 samples per class.

In Experiment I, the FLMN model achieved a X 0.02

2nd instance accuracy of 80% within the first

20,000 episodes.

In Experiment I, the MANN model achieved a X 0.02
2nd instance accuracy of 40% within the first

20,000 episodes.

In Experiment I, 1209 classes of the Omniglot X 0.04
dataset were used for training and 414 classes

were used for testing.

The original MANN implementation by Santoro X 0.08
et al. (2016) used four reads from memory.

The original MANN implementation by Santoro X 0.05
et al. (2016) used a minibatch size of 16.

In the authors’ implementation, one read from X 0.10
memory was used.

In Experiment II, data augmentation was per- X 0.03

formed via rotating and translating random
character images.

In Experiment II, MANN achieved 82.8% accu- X 0.02
racy on the 2nd instance.

In Experiment II, FLMN achieved 65.5% accu- X 0.02
racy on the 2nd instance.

In Experiment II, MANN achieved 98.1% accu- X 0.02
racy on the 10th instance.

In Experiment II, FLMN achieved 77.2% accu- X 0.01
racy on the 10th instance.

The FLMN model splits its memory into two X 0.07
parts, using an N/2 x M memory matrix for each.

In the meta-learning task structure, labels are X 0.07
shuffled from episode to episode.

At time step t, the network sees an input image X 0.08

xt with a label yt-1 from the previous time step.
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