Reading Research Papers,
with Al as a tool

AlexNet (2012) & Dropout (2014)



Reading research papers is a kill that takes
time to acquire, like any other skills

Al can make understanding a paper easier as an efficient search engine.

But ultimately, to understand a paper you will have to spend some time
interacting with the paper itself, not with Al.



The Three-Pass Method

Reading a research paper is not linear — each pass has a clear, increasing goal.

a Pass 1: The Bird's Eye View ~10 min

Skim title, abstract, intro, section headings, conclusions, and figures only. Don't read the body. Goal:
State the paper's main claim in one sentence. Is this worth a deeper read?

e | Pass 2: Grasp the Content ~1 hour

Read carefully but skip proofs and deep math. Pay attention to figures, tables, and experimental setup.
Note terms you don't understand. Goal: Summarize the main approach and findings in your own words.

e I Pass 3: Virtually Implement 4-5hrs

Understand every assumption, proof, and design choice. Identify implicit details, potential weaknesses,
and opportunities for extension. Goal: Reconstruct the entire structure of the paper from memory and
critique its strengths and weaknesses.

Today's Focus: We'll practice Pass 1 together using Al, then do a deep Pass 2—3 dive on AlexNet's architecture and key techniques.



The "First Pass"
& Contextualization

Al Strategy: High-Level Summarization



ImageNet Classification with Deep Convolutional
Neural Networks

Key architecture used
\ Task/dataset used

We trained aflarge, deep convolutional neural network [tpflassify the 1.2 million
high-resolution images in the IlmageNet LSVRC-2010 contest|into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The

ieural network, which has oU million parameters and 00,000 neurons, CONsIsts
pf five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-

ing faster, we used|non-saturating neurons [and a |very efficient GPU implemen-

tation of the cony#lution operation. To reduce-oVerfitting in the Tully-connected

tribution 3: What is the efficient GPU implementation?

Contribution 4: What is “dropout?”
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Figure 1: A four-layer convolutienatTeural InSIth: RelU (neW) vs. tanh
network with|ReLUs (solid lino)Jreaches a 25% , (0ld). Maybe tanh was
AR .

training error rate on six times faster, ;
than an equivalent network wit saturating neu ror!S and RelLU
were non-saturating neurons?

(dashed line). The learning rates for each net-
work were chosen independently to make train-
ing as fast as possible. No regularization of
any kind was employed. The magnitude of the
effect demonstrated here varies with network
architecture, but networks with ReLLUs consis-

tently learn several times faster than equivalents
with

Insight 2: Splitinput + 3 fully
connected (dense) layers
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624—64,896-64,896-43,264—
4096-4096-1000.



Al Integration: The Contextual Map
Use Al to orient yourself in the research landscape.

® Prompt Example — Copy & Use This with Claude or ChatGPT

"I am reading the 2012 AlexNet paper (Krizhevsky et al.). Can you explain the state of
computer vision in 2011? Why was this paper considered such a significant paradigm
shift? What were the main Llimitations researchers were hitting before this work?"

What Al's answer should give you:

» Historical context: SIFT (2004), HOG (2005), and shallow SVMs dominated. AlexNet didn't invent CNNs — LeCun's
LeNet (1989) existed, but depth was impractical.

»  The breakthrough enablers: NVIDIA GPUs (~2009+) made parallelism viable; ImageNet (2009) provided the data scale
that made depth worthwhile.

«  Verify what Al says by checking the AlexNet paper's Introduction and Related Work sections. How to further
contextualize a paper? (Answer: Survey papers are great places to start).



Why AlexNet? Why 2012?

Three converging forces made deep learning at scale possible for the first time.

-] Q

[

1010

GPU Computing ImageNet Dataset Algorithmic Advances

. NVIDIA GTX 580 — 3GB . 1.2 million labeled training . RelLU activation: non-
VRAM, 1.5 TFLOPS images saturating, 6% faster training

. AlexNet split across two . 1,000 object categories, . Dropout (0.5) to regularize
GPUs in parallel crowd-sourced labels 60M params

. Training 60M parameters . ILSVRC competition began . Data augmentation: crops,
took ~5-6 days on GPU 2010 — a public benchmark flips, color jitter

. Same task on CPU: ) Without this scale, depth . Max pooling & LRN for

. would have overfit . :
estimated weeks to months . . spatial compression
immediately

¥¢ Key Insight: AlexNet didn't invent deep learning — it showed the world what happened when you combined depth,
data, and compute at the right scale.




PART 2

Deep Dive:
Decoding AlexNet

Al Strategy: Architecture Breakdown



Open the paper — Turn to Figure 2

Spend 3 minutes "reading" the diagram before reading any surrounding text. What can you infer from it
alone?

Four Things to Notice in Figure 2:

Q, Two parallel streams side-by-side

— Hardware constraint — two 3GB GPUs. This split was necessary to fit the model, not architecturally motivated.

— Pooling compresses space while the number of channels grows. The network trades spatial detail for semantic richness.

Q, Three FC layers at the end

— The classifier head. These are fully connected — every neuron talks to every neuron. This is where most parameters live.

Q The overall shape narrows like a funnel

— Classic encoder pattern: wide low-level input — narrow high-level representation — classification output.

I Q, Spatial dimensions shrink left to right (224—6x6)

In ML research: if you can describe what a figure shows, you understand the paper's core contribution.



Al Integration: The Mechanical Inquiry

When you hit opaque terminology or math, don't skip it — use Al to decode it in seconds.

® Prompt Example — Local Response Normalization (Section 3.3)

"In the AlexNet paper (Section 3.3), they describe 'Local Response Normalization'

(LRN). Can you explain the 1intuition behind this technique and what problem it was
designed to solve? Is LRN still being used today, and what is it replaced with? What

are the key mathematical and practical differences?"”

What Al Will Unpack:

LRN — AlexNet (2012)

Suppresses strong activations in neighboring feature
maps — biological analogy to lateral inhibition in the
visual cortex. Heuristic, not mathematically grounded.
Empirically helped in 2012 but the effect is inconsistent
and brittle.

Batch Norm — loffe & Szegedy (2015)

Normalizes activations across the mini-batch at each
layer. Addresses internal covariate shift directly.
Enables higher learning rates and acts as implicit
regularization. Principled, stable, and universally
effective — the standard today.




CRITICAL THINKING

Section 3.1 — Why Was ReLU a Game-Changer?

Why was this 'non-saturating nonlinearity’ critical compared to Sigmoid or Tanh?

&

Sigmoid / Tanh

SATURATING

Output is squashed to (0,1) or (-1,1).

For large or small inputs, gradients
— 0. Multiplied across many layers,
this causes gradients to vanish

entirely — early layers stop learning.

Deep networks were practically
untrainable.

¥ Vanishing gradient problem

%

RelLU

NON-SATURATING

f(x) = max(0, x). For any positive
input, gradient = 1 — no squashing.
Krizhevsky showed AlexNet with
RelLU trained 6x faster than tanh on
CIFAR-10. Constant gradient flow is
what made 8+ layers trainable.

Enabled deep network training

4

Leaky ReLU / ELU
(modern variants)

REFINED ReLU

Standard ReLU has 'dead neurons'
— ifinput is always negative,
gradient is O forever. Leaky RelLU:
f(x) = max(0.01x, x). Fixes this edge
case while keeping the non-
saturating property. A refinement, not
a revolution.

Fixes 'dying ReLU' problem



Reducing Overfitting
& The Dropout Brief

Al Strategy: Comparative Analysis



Dropout: Training an Ensemble of Sub-Networks

AlexNet uses p=0.5 on FC6 and FC7 (the two largest layers) — Srivastava et al. (2014) explains why.

The Mechanism Two Theories for Why It Works:

During training: each neuron independently switched ‘3 The Ensemble Argument

OFF with probability p=0.5 at each forward pass. A

different random sub-network is trained every step. Dropout samples from an exponential ensemble of sub-
networks. At test time, the full network approximates

With n neurons: their average. Like Random Forests — averaging

2n possible sub-networks. Exponentially large implicit reduces variance without increasing bias. Each sub-

ensemble. network specializes differently.

At test time:

all neurons are active, but weights are scaled by (1-p).

This approximates averaging all sub-network predictions. @ The Co-adaptation Argument

COTEEAREN (IS Without dropout, neuron A learns to 'fix' neuron B's

specific errors — they become codependent and
X X fragile. Dropout destroys these partnerships each step,
forcing each neuron to be independently useful. Result:

Active Dropped (p=05) Adtive PraEed Active more robust, distributed feature representations.




Synthesis &
The Al-Partner Mindset

Al Strategy: Critical Evaluation & Verification



The Hallucination Check

The most important skill when using Al for academic research — learn it early.

/A Allanguage models can hallucinate — generating confident-sounding but factually incorrect claims about
paper details, author names, publication years, and numerical results. Never cite Al's summary of a paper
without checking the source yourself.

The Golden Rule:

¥ Weak Prompt Strong Prompt

"In which section of the AlexNet paper (and

"What does the AlexNet paper say about
pap Y on what page) does it discuss Dropout? What

0 0 n
overfitting: exact dropout probability did they use?"
Al answers entirely from memory — may misquote or Forces you to open the PDF and verify. Al acts as a guide,
fabricate section numbers, results, or claims. not an oracle.

Your 5-Step Verification Workflow:

1. Ask Al 2. Request 3. Open 4. Read it 5. Confirm
for the claim a section/page ref - the PDF yourself or correct Al




Tips for Paper Understanding

& The "Black Box" Prompt lul Focus on Figures First

In ML papers, the story lives in figures and tables. If
you haven't read the text, spend 5 minutes here
first:

Figure 1 RelLU vs. tahnh — the key “non-saturating”
improvement claim of the paper

If you feel stuck on dense sections:

Prompt Template

"Explain [Section X] of the AlexNet paper to .
Figure 2 The full architecture. Two GPU streams, 5

conv + 3 FC layers.

me as if I am a Master's student who
understands backpropagation but has never
worked with Convolutional Neural Networks."

Figure 3 The 96 leamed CONV1 kernels. Can you
spot edges, color blobs, frequencies? This is what the
network 'sees.'

Why it works: Specifying your exact prior knowledge
(understand backprop, new to CNNs) forces Al to Table 1 ILSVRC-2010 results — the core
calibrate the level of explanation precisely — no over- quantitative claim of the paper.

simplifying, no unexplained jargon.
Table 2 Finetuning vs. Pretraining + Finetuning

Generalize this to any paper: replace the specific section
(better).

and adjust your stated background to match where you

actually are. Figure 4 Nearest-neighbor retrieval in feature space
— shows semantic similarity, not pixel similarity.




Key Takeaways

01 02 03

Use the Three-Pass

Context before content Al for the opaque stuff
Method paq

Bird's eye — Grasp — Deep dive. Use Al to map the research LRN, activations, normalization
Match your reading depth to your landscape first. Why 2012 for tricks — don't skip dense sections.
purpose for engaging with the AlexNet matters more than Prompt Al with your specific
paper. memorizing layer sizes. background.

04 05

Always verify Al claims Figures first, text second

Ask 'where in the paper' not 'what
does the paper say.' Use Al to
navigate to sections, not to replace
reading.

In ML, the core contribution is
usually visible in one figure or
table. Read visuals before text.
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