Module 5: The Deep Learning & Hugging Face

«-/é Ecosystem, Lesson 4: Hugging Face for Usable
: M Pretrained Models
L Enineer Hands-On: Four Pipelines, Three Lines Each — A

Tour of the Hub

Overview

This demo proves the central claim of Lecture 4: that you can have a state-of-the-art language
model running in production-grade Python in under one minute, without any training, without any
data, and without writing a single line of model code. You will run four different tasks —
sentiment, zero-shot classification, summarization, and named entity recognition — each in
roughly three lines of code, each using a different pretrained model from the Hub.

You will install transformers and watch the pipeline() function do almost all of the work.
You will run a classifier you did not train and watch it score arbitrary text out of the box.

You will use zero-shot classification to label text against categories the model has never
seen.

You will summarize a long passage and extract named entities — two tasks that
historically required PhD-level expertise to implement.

You will read a model card so the room sees that pretrained does not mean trust-blindly.

Before You Start

Have Python 3.10+ installed and an internet connection — first-run model downloads are
required.

Install: pip install transformers torch. (PyTorch is the default backend; TensorFlow works
too if you prefer.)

Open lecture4_huggingface_demo.py from https://github.com/Al-Native-Engineer-
Course/Al-Native-Engineer/tree/main/module 5/lecture 4.

Pre-warm the model cache before class if your network is slow — run the script once a
few hours ahead so the four models are cached locally. Each is between 250 MB and 1.6
GB.

Have https://huggingface.co/models open in a browser tab — at the end of the demo you
will navigate to a model card together.

The mental shift here is large. Up to this point in Module 5 you have been the engineer who
builds the model. Starting now, ninety percent of your applied Al work will involve using



models other people built and trained. That is not a downgrade — that is leverage. Your job
stops being "train a model" and becomes "pick the right one, validate it on your data, and
wrap it correctly." The skills from Lecture 3 — input validation, decision layers, confidence
checks — apply unchanged.

During Hands-On — Four Pipelines at a Glance

« STEP 1 — sentiment-analysis — POSITIVE/NEGATIVE classifier in three lines. ~2 min

+ STEP 2 — zero-shot-classification — classify against arbitrary labels with no training.
~3 min

« STEP 3 — summarization — long passage to short summary. ~3 min

« STEP 4 — ner — extract people, places, organizations, and dates from free text. ~3
min

Step 1 — Sentiment Analysis in Three Lines

The pipeline() function is the entire Hugging Face onboarding story. You name a task. You
optionally name a model. You get a callable. Behind that callable, transformers handles
tokenization, batching, device placement, post-processing — all the work that used to take
a senior engineer two weeks. Notice the import-to-prediction distance is three lines. That is
not a marketing simplification; that is the actual API.

Walk through the first block in the script:
from transformers import pipeline

sentiment = pipeline("sentiment-analysis")
sentiment ("I just shipped my first deep learning model and it works.™")
# -> [{"label”: "POSITIVE", "score": 0.9998}]
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Flowchart for part 1.



A list of one dictionary with a label and a confidence score. The default model is a distilled
BERT fine-tuned on movie reviews. It works surprisingly well on most short English text.
Run a few sentences from the room — feedback from teammates, an email, a tweet —
and watch the model score them all in under a hundred milliseconds each.

Step 2 — Zero-Shot Classification Against Arbitrary Labels

Zero-shot classification is the killer feature of the modern transformer era. You hand the
model a piece of text AND a list of candidate labels it has never seen, and it scores how
well each label fits. No training. No labeled examples. No fine-tuning. This single capability
replaces an enormous amount of classical NLP plumbing — keyword rules, custom
classifiers, hand-curated dictionaries — with one function call.

Walk through the zero-shot block:

classifier = pipeline("zero-shot-classification",
model="facebook/bart-large-mnli")

classifier(

"The deploy went sideways and prod has been down for 20 minutes.",
candidate_labels=["incident", "feature request”, "small talk"],
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A scored ranking of all three labels, with "incident" leading by a wide margin. Try it again
with labels the model has never been trained on — "compliments”, "complaints”,

"questions about pricing" — and watch it still produce reasonable scores. This is the
building block for intent classification in the capstone.



Step 3 — Summarization of a Long Passage

Summarization is the second pipeline most engineers reach for in production. Useful
anywhere users hand you long content and expect short results: meeting transcripts,
support tickets, research papers, news articles. The model in the script is
sshleifer/distilbart-cnn-12-6 — a distilled BART trained on CNN/Daily Mail. Small (~300
MB), fast on CPU, accurate enough for most business use.

The summarization block looks like this:

summarizer = pipeline("summarization”,
model="sshleifer/distilbart-cnn-12-6")

article = """

Researchers at MIT published a study showing that large language

models can be trained to predict weather patterns with unprecedented

accuracy when combined with satellite data...

summarizer(article, max_length=60, min_length=20)
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A two-to-three sentence summary that captures the gist of the article without copying it
verbatim. Run it twice on the same input and observe the determinism — the model is
being run with greedy decoding by default. Tell the room: in production you will set
do_sample=False for reproducibility, or sample with a fixed seed for diversity.

Step 4 — Named Entity Recognition



NER is the workhorse of structured information extraction. Hand the model a paragraph; it
returns a list of spans labeled as PERSON, ORG, LOC, MISC. The default model in the
script is dslim/bert-base-NER. Token classification under the hood, three lines of code from
your perspective. The output is structured JSON you can pipe into downstream systems
with zero parsing work.

The NER block:

ner = pipeline("ner", model="dslim/bert-base-NER",
aggregation_strategy="simple")

ner("Sundar Pichai announced new AI features at Google I/O
in Mountain View on May 14, 2024.")
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A list of dictionaries. Each one has an entity_group, a word, a confidence score, and
start/end character offsets. You should see Sundar Pichai as PERSON, Google /O as
ORG (or MISC depending on the tokenization), Mountain View as LOC. Run it on a new
sentence watch the text get parsed into structured data in real time.

The Model Card — Where Trust Lives

Every model on the Hub has a model card. The card tells you what data the model was
trained on, what license it ships under, what languages it covers, what biases have been
documented, and how the maintainers expect it to be used. Skipping the model card is the
most common mistake new engineers make. The model card is the difference between
using a pretrained model and trusting one.

Navigate to https://huggingface.co/dslim/bert-base-NER in the browser and walk the room
through the card. Point at:



The license (MIT, in this case — commercially usable).

The training data (CoNLL-2003, English news text — so do not expect great performance
on Spanish or on medical notes).

The intended uses and out-of-scope uses sections.

The "limitations and biases" section — every responsible model card has one.

This three-minute habit is what separates engineers who get burned by pretrained models from
ones who do not.

Wrap-Up — The Pattern, The Capstone Handoff

pipeline() is the abstraction that turns the entire Hugging Face ecosystem into a single
Python API. Four lines per task, with the option to swap the model whenever you want.
Combine this with the model you trained in Lectures 2 and 3 and you have everything you
need for the capstone — a custom regression model plus a pretrained NLP model, working
together inside one application.

Key takeaways:

pipeline(task) or pipeline(task, model=X) is the universal interface. Learn it once, use it for
every task on the Hub.

Zero-shot classification eliminates the need to train a classifier for most simple labeling
tasks.

Always read the model card before deploying. License, language, biases, training data —
all four matter.

Pretrained models still need the same wrapper code as custom models: input validation,
decision logic, confidence checks, monitoring.

Small distilled models (DistiilBERT, DistilBART) run fast on CPU and are usually plenty for
production. Reach for larger models only when you can measure a benefit on your actual
data.

Source File Reference

Script: code/lecture4_huggingface _demo.py. The script contains all four pipelines, ready to run.
First run will download the four models (roughly 2 GB total); subsequent runs use the local
cache and start in under five seconds.



