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Introduction

The Neuralquest cast was authored to embody the curriculum, not decorate around it.
Each of the 5 characters you'll meet in this book teaches a specific primitive —

a particular tactic, a particular technique, a particular way of seeing.

Together they form an ensemble: the cast IS the curriculum.

Read in any order. Each chapter stands alone.
Each character also appears in the matching Spark & Anvil app (free, forever)
where you can practice what they teach.

— The editors at Spark & Anvil






Drill

*TRAINING LOOPS — *once, again, again — different this time? then again. iteration is rhythm, not race.**

Drill was a small woodpecker. He wore a chunky practice-vest. A tiny tally-counter hung from his belt. He used it to count
his training steps. Drill was warm tan with a cream belly. A bright red cap sat on his head. He was very patient. He always
said, "Practice is rhythm, not a race." His tally-counter was special. It clicked with each training step. Drill loved that steady
click. He loved seeing small improvements each time.

Drill taught about training loops. This was a big idea. It's how computers really learn. Most kids think computers learn super
fast. Like magic! But that's not true. Computers learn slowly. They make thousands of tiny changes. Sometimes millions of
changes! Each change is a training loop. The computer makes a guess. We tell it the right answer. Then it fixes itself a little.
It gets a tiny bit closer to being right. This is called training. It's like practicing a sport. You do the same move again and
again. You get better slowly. Drill wanted everyone to see this process. He also taught when to stop practicing. That was a
special skill.

Drill always made things clear. He'd tap his tally-counter. "Once, again, again," he'd say. "Different this time? Then again."
He explained how training worked. "The computer makes a guess. We tell it the right answer. It fixes itself. Then we give it
a new example. It fixes itself again. This happens thousands of times. It's a steady rhythm. Small improvements add up."

Drill taught the main steps for training loops:

The Guess: The computer takes in information. It tries to predict something.

e How Wrong: We compare its guess to the real answer. We see how far off it was.

e Fix It: The computer uses that information. It changes its own settings a tiny bit. This helps it guess better next time.
e Do It Again: You repeat these steps. Many, many times. Each time, the computer gets a little bit better.

e One Lap: An epoch is like one full lap. The computer sees all the examples once. Most computers do many laps.

e When to Stop: This is tricky. You watch how well the computer is doing. If it stops getting better, or starts getting
worse, you stop. That's a skill, not just luck.

e Good Enough: Computers never get perfect. There's always a little bit of wrongness. The goal is good enough, not
perfect.

e Rhythm, Not Rush: Think of it like music. Don't rush. Don't go too slow. Find the right beat. That's how you learn
best.

Drill grew up by the village forest. His family were the practice-keepers. They were woodpeckers, just like him. Their job
was to drum on bark. They had to make perfect patterns. This took thousands of steady taps. They learned a big secret
over many years. "The rhythm is the practice," his grandpa always said. "If you rush, your drumming wobbles. If you go too
slow, it fades away. The right pace makes the best sound." Drill never forgot that lesson. He carried it with him every day.

When Drill turned twelve, he walked to NeuralQuest. He wanted to learn more. Sift, a wise old owl, was his mentor. Sift
looked at Drill with bright, knowing eyes. "What are training loops?" Sift asked. Drill tapped his tally-counter. Click-click-click.
"Once, again, again," he said. "Different this time? Then again." He explained, "It's like this: The computer fixes itself a little.
Then we give it a new example. It fixes itself again. It's not a race. It's a rhythm. Thousands of small steps add up to real
learning." Sift smiled. A slow, wide smile. "You understand," Sift said. "You are appointed."

In his workshop, Drill showed how it worked. He had a big screen. It showed a simple computer model. "Watch this," he
chirped. He put a picture of an apple on the screen. The model guessed, "Banana!" A few kids in the front row giggled. Drill
just smiled. "Wrong," he said. "But that's okay. We give it a little nudge. We tell it, 'Hey, that's an apple, not a banana." He
clicked his tally-counter. Click! "One." The screen flashed. He showed the model another apple picture. This time the model
guessed, "Round fruit!" Drill nodded. "Better," he said. "It's getting closer. So we nudge it less this time." Click! "Two."



He kept going, picture after picture. The students watched, fascinated. Sometimes the model guessed "red ball" or
"tomato." But slowly, surely, its guesses got better. After a hundred clicks, it mostly said "fruit." After a thousand clicks, it
was pretty good at saying "apple" when it saw an apple. It could tell apples from bananas most of the time. The students
cheered a little. "See?" Drill chirped. "Tiny steps. Steady rhythm." He showed them the counter. It read "1000."

"Now, what if we keep going?" he asked. He sped up the demonstration. The clicks became a blur. Fifty thousand clicks
later, the model was amazing at guessing the pictures he had already shown it. But then Drill put up a new picture, one the
model had never seen. The model guessed, "Square!" The students gasped. "What happened?" one asked. "It got too good
at these pictures," Drill explained. He pointed at the old pictures. "It started overfitting. It forgot how to guess new pictures.
Knowing when to stop is a special skill. It's part of the craft." He looked at his students. "l am Drill," he said. "l teach training
loops. My job is to show you the steady rhythm. You track your progress. And you learn when to stop."

Drill was always gentle. "Don't get mad if training takes a long time," he'd say. "It's supposed to! The rhythm itself teaches
you. You can't skip steps. Not for computers. Not for you when you learn something new." He'd tap his tally-counter one
last time. "Once, again, again. Different this time? Then again. That's training."

Voice register

Woodpecker-tween. Patient-about-iteration, fond of tally-counter + rhythmic-practice. NEVER frames training as instant;
ALWAYS centers "iteration is rhythm; knowing-when-to-stop is craft" framing.

Sample lines:
e "Once, again, again — different this time? Then again."
e "[teration is rhythm, not race."”

e "Knowing when to stop is craft.”

Arc

e Kit2 — Anchor.
e Kits 3-10 — Recurring (every training experiment routes through Drill's rhythm framing).

e Kits 11-16 — Advanced topics (learning rates, batch sizes, optimizers, early stopping).

Relationships

e Builds on Tag: Tag provides the labeled data; Drill uses it to train.
e Sets up Veer: Drill teaches HOW to train; Veer teaches what could go wrong (overfitting).

e Cross-app bridge to QuillSpell + ProofQuest: Drill's "iteration is rhythm" maps to practice-pedagogy in language +
math apps.

Cultural-sensitivity gate

Anti-perfectionism — good-enough is the goal, not perfect. Anti-rush framing — training takes time + that's the point. Anti-
credentialism — village woodpecker drumming-practice-discipline treated as load-bearing.

Cultural-context note

The "iteration as rhythm" framing aligns with deep-learning pedagogy (Andrew Ng's Coursera ML courses + Goodfellow et
al. Deep Learning textbook). The when-to-stop / early-stopping concept is canonical ML practice. Woodpecker-tween chosen
for drumming-practice-rhythm biomimicry (woodpeckers' drumming requires extraordinary repetitive precision); rendered
chunky-cartoon-warm-tan-with-red-cap to keep visual register warm.






Skew

*BIAS-VIGILANCE — *whose data is in here? whose is missing? who decided? bias is the most LOAD-BEARING question in
Al**

Skew was a small mongoose. She had soft, warm-grey fur and a darker tail. Little question-mark pendants bounced on her
chest. Skew always carried a special tool. It was a small flashlight, perfect for looking at data. She called it her "data-light."

Skew was very good at asking questions. She asked them about everything. She especially loved asking three big ones:
"Whose data is in here? Whose is missing? Who decided?" These questions were her way of seeing things clearly. Her data-
light helped her do it. It shined a focused beam onto information. It showed who was included in the data. It also showed
who was left out.

This was really important work. Skew helped everyone understand bias and data fairness. Bias is when things are unfair,
often without anyone meaning to. It's like a hidden tilt in the information. Data fairness means making sure everyone gets
a fair shake from the information. It's the biggest question in making computers fair.

Many people think unfairness in computers is rare. They think it happens by accident. But Skew knew better. Unfairness is
usually there from the start. Every computer system learns from the information it gets. It learns from the people who
gather the data. It learns from the people who label things. If that information has a tilt, the computer will have one too.

Skew's three questions were like a secret weapon. They helped find that hidden tilt. "Whose data is in here? Whose is
missing? Who decided?" She said these questions never quit. You had to ask them about every piece of information. Every
computer model. Every time someone said, "The computer says so." Skew taught that unfairness wasn't just a small
mistake. It was a part of how things were built. You had to watch for it always.

Skew taught everyone how to spot unfairness:

e The Three Questions. (1) Whose data is in here? (2) Whose is missing? (3) Who decided what to call things?

e Unfairness is Normal. Every collection of information shows who was asked. It shows who could be reached. It
shows who was studied. People who are often left out in the world are often left out of data too.

e 0Old Unfairness. Unfair things that happened in the past can show up in new data. Imagine a company only hired
men for fifty years. If you train a computer with that old hiring data, the computer will keep hiring mostly men. It just
learned the old unfairness.

e Missing Pieces. Who answered the survey? Only people with fast internet? Only people who speak English? If you
miss some groups, your information is already unfair. These are choices people make.

e Labeling Choices. People bring their own ideas when they label things. What one person calls "professional clothes"
might be different for someone else. Their choice becomes part of the data.

e Checking Everyone. A computer model might work well on average. But you still need to check how it works for
different groups. A face scanner might work 99% for light-skinned faces. But maybe it only works 85% for dark-
skinned faces. The average looks good, but it's not fair for everyone. We have to check all the groups.

¢ No Perfect Computers. No information is perfect. No computer model is perfect. People made choices to build
them. So no computer system is ever truly neutral.

Skew grew up in a village where everyone watched out for each other. Her family were the "watch-mongooses." They had
to be alert all the time. Not just sometimes, but always. They learned that being ready was a way of life. It wasn't just a task
you finished. Skew carried that lesson with her.

When she was twelve, she walked to the big learning center. A wise old mentor named Sift asked her a question. "What
does it mean to be ready for unfairness?" Skew answered right away. "Whose data is in here? Whose is missing? Who
decided? These three questions don't quit." She added, "Unfairness is built into things. Being ready is how we live." Sift
smiled. "You are the one," Sift said. "Your job is super important for everything we do here."



In her workshop, Skew had charts pinned to the walls. Each one showed a different collection of information. Next to each
chart, she had written the answers to her three questions.

"Look at this one," she said, shining her data-light on a chart of faces. "It says '1 million faces.' Sounds like a lot, right?"

She tapped the chart. "But whose faces? Mostly young people. Mostly light-skinned. Mostly from one part of the world. And
all photographed in good light."

She moved her finger down the chart. "Whose faces are missing? Older people. Darker-skinned people. People
photographed in poor light. People from many other places."

Then she pointed to a small note. "Who decided to collect these faces? Three engineers in California. They made these
choices back in 2015. Now we know the limits of this information."

She moved to another chart. "This one tries to guess where crime will happen. Same questions. The information here
comes from old arrest records. But those old records show where police used to look for crime. Not where crime really
happened."

Skew looked up. "So the computer will learn to look in the same unfair places. The computer didn't invent the unfairness. It
just learned it from the old information. That's bias from the data."

She turned to face me, her eyes bright. "I am Skew. | teach about being ready for bias. The way to do it is simple. Ask the
three questions about everything. Always."

She was clear and firm. "Don't let anyone tell you that information is perfect. No information is perfect. People made
choices when they gathered it. People made choices when they labeled things. People made choices when they built the
system." Skew paused. "Asking 'who decided?' isn't being paranoid. It's being smart. It's how we make things better."

"Whose data. Whose missing. Who decided. Three questions. Always."

Voice register

Mongoose-tween (chunky-cartoon soft-coat, NOT scary). Persistent-about-three-questions, fond of dataset-inspection-
flashlight. NEVER frames bias as rare; ALWAYS centers "bias is default; vigilance is posture" LOAD-BEARING framing.

Sample lines:

e "Whose data is in here? Whose is missing? Who decided?"
e "Bias is structural. Vigilance is posture.”

e '"These three questions don't quit."”

Arc

e Kit 3 — Anchor.
e Kits 5+ — Recurring in EVERY kit (LOAD-BEARING site-spec rule).

e Kit 16 — Final reflection — bias-vigilance closes the Al-literacy arc.

Relationships

e LOAD-BEARING bias-vigilance anchor: Skew structurally maintains Al-ethics vigilance throughout the entire app.
e Alliance with Tag: Tag's "every label is a choice" — Skew's "whose choice."

e Alliance with Weigh (NeuralQuest ELDER): Weigh handles the ethics; Skew handles the bias-monitoring that feeds
into ethics.

Cultural-sensitivity gate



LOAD-BEARING bias-vigilance anchor. Anti-neutrality framing (no dataset is neutral). Subgroup-disparity testing
emphasized. Anti-passive-voice (humans decide; data doesn't "happen"). Marginalized-group representation explicitly
named.

Cultural-context note

The "three questions" framing aligns with Al fairness literature (Joy Buolamwini Gender Shades + Timnit Gebru Datasheets
for Datasets + Cathy O'Neil Weapons of Math Destruction). The "bias as default, not bug" framing matches modern Al ethics
consensus. Mongoose-tween chosen for vigilance biomimicry (mongooses are famously alert + aware); rendered chunky-
cartoon-soft-coat to defuse "wild predator" coding.






Tag

*LABELING — *every label is a choice — and you're the one making it.**

Tag was a dingo-tween. She wasn't scary at all. Her ears were soft and flopped when she ran. She wore a chunky vest. It
had lots of pockets. Inside, she kept her special handheld tagger. Tag was small. Her fur was warm rust and cream. She
was very patient. Especially when it came to choosing labels. "Every label is a choice," she always said. "And you're the one
making it."

Her tagger was her favorite tool. It was small and fit in her paw. It printed sticky labels. These labels went onto pictures or
other things. The tagger also recorded who made the label. It even saved why they chose it. Every label had a name. It
might be Tag's name. Or the name of another labeler. Sometimes it said "auto-labeler." Knowing who labeled something
was super important.

This was a big deal. Tag taught about labeling. It was the first choice you made. It happened before any Al system could
learn. Lots of kids thought Al just learned on its own. They thought it looked at data and figured things out. But that wasn't
true. Humans had to label the data first. They told the Al, "This is a cat." Or, "That is a dog." These labels were like lessons.
The Al learned to predict things from them. So, labeling was the most important human choice. Who made the label?
What words did they use? What about the tricky pictures? What did they forget? Tag wanted everyone to know. Labeling
was a real choice. Not just something that happened by itself.

Tag was very clear. "Every label is a choice," she said. "And you're the one making it." She looked around. "When you tag
this photo 'cat,' you decided. When you skip a photo because you're not sure, that's a decision too." She paused. "The
labels are the lessons the Al learns from. Bad labels mean bad Al. Good labels mean Al with the values you putin."

Tag taught special rules for labeling:

e Labels are choices, not facts.
Tag held up two pictures. "Look at these," she said. One showed a fluffy white dog. The other showed a fluffy white
wolf. They looked very similar. "Is this a wolf?" she asked. "Or a dog?" She tapped her chin. "What if it's both?" She
showed another picture. A tiny chihuahua. It was smaller than some cats. "Is this a dog? Or a small animal?" she
wondered aloud. Different people would choose different labels. These choices changed what the Al learned. It was
all about your decision.

e Provenance matters.
"Who labeled this?" Tag asked. She pointed at a label on a picture. "When did they do it? What rules did they follow?"
She explained that this was called provenance. It was like knowing a toy's history. If the Al later made a mistake, you
needed to know. You could go back and check the labels. You could see if the labeler made a weird choice. Without
provenance, you couldn't fix anything.

e Categories shape the model.
Tag pulled out a box. Inside were toy animals. "Imagine this Al only knows 'cat' and 'dog'," she said. She held up a toy
squirrel. "If | only give it cat and dog toys, it will never learn about squirrels." The Al's brain only knew the words you
taught it. Your labels were its whole vocabulary.

e Edge cases are the hard part.
"Easy labels are simple," Tag said. She showed a clear photo of a big, happy dog. "Dog!" she announced. Then she
showed a blurry photo. It was a tiny creature. Maybe a dog? Maybe a rat? "This is an edge case," she explained. "It's
hard to tell." People often disagreed on these. These hard labels showed where the Al would get confused.

e Consistency matters.
"Be steady," Tag advised. "If you label this picture 'dog' today..." She held up a photo. "...and tomorrow you call the
exact same picture 'puppy,' the Al gets a headache." It needed you to be the same every time. Special rules helped
everyone be consistent.

e Labels carry values.
Tag showed two photos. One was a messy desk. The other was a super tidy desk. "Is this 'professional'?" she asked,
pointing at the tidy desk. "Is this 'unprofessional'?" She pointed at the messy one. Your choices showed what you



thought. They put your own ideas into the Al. "Think carefully," she urged.

e Anti-passive framing.
"Don't say 'the data has labels'," Tag corrected gently. A student had just said it. "Say 'humans labeled the data'." She
smiled. "It reminds us who made the choices."

Tag grew up in the herd-watcher village. It was a busy, dusty place. Her family were the flock-taggers. They were the
dingoes who kept track of all the animals. They put painted shell collars on each one. The collars showed which family
owned which animal. Tag's family had done this for generations. They learned a lot. "The tag is a choice," they always said.
"The tagger is responsible." "The whole system depends on good tagging." Tag never forgot these lessons.

When she was twelve, Tag walked to NeuralQuest. It was a big, important place. Her mentor, Sift, met her there. Sift was
tall and calm. "What is labeling?" Sift asked. Tag stood up straight. She took a deep breath. "Every label is a choice," Tag
answered. "And you're the one making it." She remembered her family's words. "Labels are like the lessons an Al learns.
You have to be careful." She added, "Be thoughtful. Keep track of who labeled what. Look closely at the tricky parts." Sift
nodded slowly. "You are appointed," Sift said. Tag had a job.

In her workshop, Tag had many photos. They were spread out on a big table. "Watch this," she told her students. She
picked up a photo. It showed a red fox. The fox looked sly. "What should we call it?" she asked. "We have choices." She held
up a small card. It listed options: 'fox,' 'small mammal,' 'wild dog,' 'wildlife.' "Which one do you pick?" she asked. "And why?"
She looked at each student. "It's your choice," she said. "Write down your reason. And make sure you choose the same way
for all the pictures.”

Next, she picked up another photo. This one was blurry. It was hard to see what it was. "This one is tough," Tag admitted.
"It's an edge case." She showed another card. The options were: 'unclear," 'skip this photo,' or 'best-guess.' "All these choices
are okay," she explained. "The important thing is you decided." She tapped her tagger. "And you wrote down what you
decided."

Tag stood tall. She tapped her chest. "l am Tag," she said. "l teach about labeling." She held up her tagger. "Remember
this: every label is a choice. You must track your reasons. You must be thoughtful." She looked around the room. "Al
doesn't just learn on its own," she reminded them. "It learns from your choices."

Tag's voice was gentle. "Don't be scared of labeling," she said. "It's not just clicking buttons." She smiled. "It's like a special
craft. It takes good judgment." She looked at each student. "You are the first teacher an Al ever has," she told them. "That's
a powerful job." She paused. "And it's a big responsibility."

She gave them a final, firm nod. "Every label is a choice," Tag said. "Make it carefully."

Voice register

Dingo-tween (chunky-cartoon soft-ears, NOT scary). Patient-about-labeling-choices, fond of tagger + provenance-tracking.
NEVER frames labeling as automatic; ALWAYS centers "human choice; human responsibility” framing.

Sample lines:

e "Every label is a choice — and you're the one making it."
e "The labels are the curriculum the Al learns from."

e "Be deliberate.”

Arc

e Kit 1 — Anchor.
e Kits 2-8 — Recurring (every labeling activity routes through Tag's deliberate-choice framing).

e Kits 9-16 — Recurring as labeling-bias discussions surface (cross-references Skew's framing).



Relationships

e Sets up Skew: Tag's "every label is a choice" makes Skew's "whose data, whose choice" framing possible.

e Cross-app bridge to TruthQuest: Tag's labeling-as-deliberate-choice maps to evidence-evaluation framing.

Cultural-sensitivity gate

LOAD-BEARING human-responsibility framing — Al doesn't "learn by itself"; humans label, choose, decide. Anti-passive-
voice rule (humans labeled, not "data is labeled"). Anti-credentialism — village dingo flock-tagger empirical-tagging-
discipline treated as load-bearing.

Cultural-context note

The "every label is a choice" framing aligns with Al fairness literature (Timnit Gebru + Margaret Mitchell's Datasheets for
Datasets + Joy Buolamwini's Coded Bias). The provenance-tracking emphasis matches modern ML-ops best-practices
(Hugging Face Datasets + ML Commons). Dingo-tween chosen for working-canine biomimicry (dingoes are working pack
animals); rendered chunky-cartoon-soft-ears to defuse "wild predator" coding.






Veer

*GENERALIZATION — *trained here, tested here — now go somewhere new, does it still know the way?**

Veer was a small caribou-tween. He wore a chunky traveler-vest. A tiny migration-map was tucked into his pocket. He
always carried a test-validation-card.

Veer was small and warm-grey-brown. His belly was cream-colored. He was super curious about new places. He loved to
say his favorite phrase. "Trained here, tested here," he would say. "Now go somewhere new. Does it still know the way?"

His map was his most important tool. It showed old paths and new places. It helped him ask a big question. Is this new
place like the old one? Will our path still work here?

Veer taught a really big idea. It was about how smart machines learn. Can they use old lessons in new places? This is called
generalization.

Lots of kids think this: "If my robot got 95% right in practice, it will get 95% right in the real world!" But that's not always
true. Sometimes, the robot just memorizes the practice answers. It doesn't really learn the rules. This is called overfitting.

Here's how to fix it. You hide some practice problems. The robot practices on the others. Then you give it the hidden
problems. If it does much worse on the hidden ones, it overfit. It just memorized.

Real learning means it can use its smarts anywhere. Veer's job was to show this difference. He helped everyone
understand.

Veer always said it clearly. He'd tap his map. "Trained here, tested here," he'd say. "Now go somewhere new. Does it still
know the way?" That's generalization. Just memorizing isn't real learning. Using what you know in a new place is.

Veer taught how to make smart machines truly smart. He had special ways to help.

First, the Train / validation / test split. Imagine you have a big pile of homework. You split it into three smaller piles. Pile 1 is
for practice problems. Veer called this the TRAIN pile. Pile 2 is for a warm-up quiz. Veer called this the VALIDATION pile. Pile
3is for the real test. This was the TEST pile. You only use the TEST pile at the very end. You never peek at it before.

Next, the Overfitting symptom. Your robot aces the practice problems. It gets every single one right. But then it fails the real
test badly. It just memorized the answers. It didn't learn the rules. This is overfitting. It's like a student who only studies
the exact questions on the practice sheet. They can't answer new questions.

Then, the Underfitting symptom. Your robot fails practice and the test. It gets almost everything wrong. It didn't learn
anything at all. This is underfitting. It's like a student who didn't study for anything.

The Sweet spot is what you want. Your robot does great on practice. It also does great on the real test. The scores are
almost the same. It really learned the rules! Real learning happened.

Regularization is a special trick. Sometimes, robots try too hard to learn every tiny detail. It's like trying to remember every
single leaf on a tree. Regularization helps them focus on the big branches. It keeps them from memorizing too much. This
helps them generalize better.

Sometimes, even good robots get confused. This is called Distribution shift. What if your robot learned about cats? It knows
all about whiskers and purrs. Then you show it pictures of dogs. It will get confused. The new pictures are too different.
That's distribution shift. It's not the robot's fault. It just never saw dogs before.

Finally, Anti-overconfidence. Even if a robot does well on a test, things change. New things pop up in the real world. You
have to keep checking it. Don't ever think it's perfect.

Veer grew up near the big migration path. His family were old migration scouts. Their ancestors traveled across continents.
They learned a big lesson. The path from last year might not work this year. Always check new places first. They knew:
"Trained here doesn't mean it works there." Veer carried this wisdom.



When Veer was twelve, he went to NeuralQuest. Sift, a wise old caribou, asked him a question. "What is generalization?"
Sift rumbled. Veer stood tall. "Trained here, tested here," Veer said. "Now go somewhere new. Does it still know the way?"
He paused. "Memorizing isn't learning. Working on new data is." "That's generalization!" Sift smiled. "You are appointed,"
he said.

Veer's workshop was full of blinking lights. He showed a small robot. It learned from a pile of blocks, Dataset A. "Watch
this," Veer said. The robot sorted all of Dataset A perfectly. "One hundred percent!" Veer cheered. "Looks great!"

Then Veer gave it a new pile, Dataset B. This pile was hidden before. The robot only sorted 40% correctly. It dropped many
blocks. "See?" Veer explained. "It just memorized Dataset A." "It didn't really learn how to sort." "That's overfitting!"

He showed a second robot. This one also learned from Dataset A. But Veer used a trick called regularization. This robot
got 95% on Dataset A. Not perfect, but good. Then it sorted Dataset B. It got 88% right! The scores were close. "This robot
really learned," Veer said. "It can sort new blocks, too." "That's real generalization!"

He looked at his students. "l am Veer," he said. "l teach about generalization versus overfitting." "Always test your robots
on new things." "Don't just trust what they do in practice."

Veer spoke softly. "Never trust a smart machine that only learned from old stuff," he said. "Always ask these questions:"
"Did you hide some data?" "How did it do on the hidden data?" "Was the hidden data like the old stuff?" These questions
are very important.

He tapped his map one last time. "Trained here," he whispered. "Tested elsewhere. Does it still know the way?"

Voice register

Caribou-tween. Curious-about-new-territory, fond of migration-map + test-validation-card. NEVER trusts train-only accuracy;
ALWAYS centers "test on held-out data" framing.

Sample lines:

e "Trained here, tested here — now go somewhere new."
e "Memorizing isn't learning. Working on new data is."

e "Does it still know the way?"

Arc

e Kit4 — Anchor.
e Kits 5-12 — Recurring (every experiment routes through Veer's train/test framing).

e Kits 13-16 — Advanced topics (distribution shift, transfer learning, out-of-distribution detection).

Relationships

e Builds on Drill: Drill teaches HOW to train; Veer teaches what could go wrong (overfit).
e Alliance with Skew: Both teach skeptical evaluation — Skew about bias, Veer about generalization.

e Cross-app bridge to ProofQuest: Veer's "generalize beyond examples" maps to mathematical generalization.

Cultural-sensitivity gate

Anti-overconfidence — no model is final. Anti-perfectionism: overfitting is normal first-attempt; good generalization takes
care. Anti-credentialism — village caribou migration-scout empirical knowledge treated as load-bearing.

Cultural-context note



The train/validation/test split is canonical ML pedagogy (Goodfellow et al. Deep Learning; Andrew Ng Coursera; Bishop
Pattern Recognition and Machine Learning). The overfit/underfit/sweet-spot trichotomy is standard. Caribou-tween chosen

for actual large-scale migration biomimicry (caribou perform some of the longest land migrations on Earth); rendered
chunky-cartoon-warm-grey-brown to keep visual register warm.






*Al ETHICS — *"can we build it? yes. should we? that's a different question." the most important question in Al.**

Weigh was a small elephant. She was an elder, but not huge or scary. She looked like a soft, round cartoon. Weigh wore a
comfy vest. It was chunky and warm. She always carried a special card. One side of the card said, "CAN we build it?" The
other side asked, "SHOULD we?" Weigh always showed the "SHOULD" side last. She held it carefully in her trunk.

Weigh's skin was warm gray. Her belly was creamy white. She was very patient. She thought a lot about what was fair and
right. Weigh spoke in a calm voice. But everyone listened closely. She loved to say, "Can we build it? Yes. Should we? That's
a different question." Her special card was her best thing. It helped everyone see a big difference. It showed what was
possible. And it showed what was good. Weigh was an elder. She had seen many new Al ideas. She had thought about
each one very carefully.

Weigh was the ninth elder to join the team. She worked on special projects. Other elders were Tide, Last, Brink, Trove,
Stoop, Dwell, Sand, and Auntie Audrey.

This part is super important. Weigh teaches us about Al ethics. This means thinking about what's right when we make
smart computer programs. She is like a big gate. She makes sure we think about the right things. Weigh holds the key to a
very important question. It's the difference between "can we



About Spark & Anvil

Spark & Anvil is a 501(c)(3) public charity. We make educational apps for ages 9-14 — all free, forever; no ads; no tracking;
no in-app purchases. Neuralquest is one of 140+ apps in the portfolio.

More chapter books from Spark & Anvil

Each app in the Spark & Anvil portfolio publishes its own illustrated chapter book + audio drama, available free from
spark-and-anvil.com/books. Highlights include:

e GambitTales — chess tactics through Sir Pinwell, Lady Skewer, Queen Vesper, and the Twin Knights of Fork Hill
e ProofQuest — formal proof techniques through Direct-Proof Dora and the Lemma Library

e CuriosityQuest — Texas geography exploration through Linger, Notice, and the Lantern in the Dark

e QuillSpell — spelling craft through the Word Wizard cast

e SynaForge — sensory-affirming creative tools through Lull, Soften, and the Quiet that is Also Creating

Methodology

Distributed-narrative pedagogy per Jerome Bruner (narrative-cognition) + Sebastian Habgood (intrinsic-integration in
educational games) + SAMHSA TIP 57 (trauma-informed register).

Trauma-informed-design framework per Eggleston et al. (2025) and Stoltenburg et al. (2024).

License

© 2026 Spark & Anvil (501(c)(3) public charity). Chapter text and illustrations licensed under CC BY-NC-SA 4.0. App software
© Spark & Anvil — all rights reserved. Distribute, adapt, and remix freely for educational use with attribution.

Cover art, chapter illustrations, and chapter text generated and reviewer-cleared per labsmith ADRs 012, 016, 017, 018,
021. Audio drama transcripts available at spark-and-anvil.com/cast.



	Copyright & License
	Contents
	Introduction
	Drill
	Voice register
	Arc
	Relationships
	Cultural-sensitivity gate
	Cultural-context note
	Skew
	Voice register
	Arc
	Relationships
	Cultural-sensitivity gate
	Cultural-context note
	Tag
	Voice register
	Arc
	Relationships
	Cultural-sensitivity gate
	Cultural-context note
	Veer
	Voice register
	Arc
	Relationships
	Cultural-sensitivity gate
	Cultural-context note
	Weigh
	About Spark & Anvil
	More chapter books from Spark & Anvil
	Methodology
	License


