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Introduction
Preliminary Study

O

e However, beginners face difficulties in comprehending and learning
Transformer due to its complex structure, data transformation and abstract

downstream task.
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Introduction

Preliminary Study .
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steps and discuss them in a sequence of slides. .
< .
. p semd fimal ofp
- Hands-on experience *”"-e,:%hﬂm ,.W*'L“ Sniadee
I . £
- I I €
Interactive resource Encoder | | | Deasder | | Tramsteemer | ey
' Encocler2
- Class engagement T T
./P, , Encodar |
hntonce Z':MM T
Stmtunte %m:.

Common Way to Teach Transformers (1]

o oo V I S [1] https://towardsdatascience.com/transformer-models-101-getting-started-part-1-b3a77ccfalad



Related Work

 Visualization for understanding deep learning models
- how the models make decisions & what they learned

- model improvement & debugging
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Related Work

o Visual interpretation of Transformers

- interpretation of embedding and attention mechanisms
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Requirement Analysis
Tasks & Goals

Consequently, an interactive visual tutorial is needed to for

deep learning beginners and non-experts to comprehensively

learn about Transformers.
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Requirement Analysis
Tasks & Requirements
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Visual Design

Overview
Input View @
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TransforLearn: Interactive Visual Tutorial for the Transformer Model
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Visual Design
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Visual Design
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detailed encoder #4 Feed Forward Network of Encoder Block #1

Attention ‘multi-head self-attention
M h . attention head #1
ecnanism N —— e g Intermediate Activation
% Query f"J seriiansncsec & Embed Embed
) P 1 — 2 Input Output
= softmax - J | S Embed (1,2048) (1,2048) Embed
Add + L g vd_model s ‘5 (1,512) (1,512)
+ Layer 7 s ' o o '
. . attention head #8 - ' ——— |max(| o |,|5.75 =
Normalization \ o Y
. : Add the original —
@ residual connection Doy RelU
Feed-forward layer normalization| ( [intermediate amount D (o) |
mean standard)
Network feed-forward network linear + ReLU
R . dd th iginal
@ residual connection ’ ﬁ,tof eor'g'na Stk e
Add + Layer o —
layer normahzatmn‘ intermediate amount m ‘
mean standard)

Normalization

Encoder Block Feed-forward Network



Visual Design

Overview

Architecture—driven Exploration

Task-driven Exploration
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Visual Design

Architecture-driven Exploration
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Visual Design

Architecture-driven Exploration
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Visual Design

Task-driven Exploration

o Explore data flow changes
o Input and output, data dimension, data range

e Analyze structural features
o Decoding time step -> translation progress
e Focus on a specific module or head
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Visual Design

Usage Scenario

o Self-study guidance for a beginner
o utilize Transformer to extract features from sequence data
« the concept and generation process of the Q, K, and V matrices
« the use of decoders for prediction

e Teaching aid for lectures
« better summarize and present the teaching points
o increases the practicality and vividness of the entire teaching process



Visual Design

Usage Scenario

o Self-study guidance for a beginner
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Visual Design

Usage Scenario

Self-study guidance for beginners



Evaluation
o User-controlled experiment (Objective)

- = - o . S .
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Portrait Introduction Tutorial L Study ) Questionnaire
_ . Level Goal Question
Requirement-1  Vvisual summary
easy Gl Q1: Components and data flow of feed-forward network.

_ . . i easy G3 Q2: Identify key words from attention matrix.

Requirement-2  Interactive interface easy G3 Q3: Final output in translation task and its derivation.

‘ medium Gl Q4: Differences between cross- and self-attention.
medium G2 Q5: Add & LN significance and implementation.
medium Gl Q6: Parallelism in Transformer.

_ . . . hard G2 Q7: Reasons for scaling before softmax.
Requirement-4 self-directed & immersive hard G2 Q8: Process of calculating PE & variation with position.

Requirement-3 €xploration mode
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@Comparison of Learning Efficiency Index Among Groups

EGroupxt i=1 i=2 (=3 (=4 (=5 i=6 i=17 i=8 Mean Std
X=8B 0.737 1.005 0.680 0.839 0.981 0.824 0.965 0.851 0.851 0.121

X = 1.421 1.702 1.631 1.402 1.263 1.385 1.381 1.542 1.466 0.146



Evaluation & Discussion

e User interviews (Subjective)
« Implication
- Usability and effectiveness.
- Validating the knowledge for experts.

e Limitation
- Different appropriate learning resources for different needs.
- Need for more instructions, animations, and comparisons.
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