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Chapter 1 — Intuitive MCQ Bank (Introduction)

56 multiple-choice questions, intuitive/conceptual level. One correct option each. Cover the answer
(blockquote) while testing yourself. Bilingual explanations (English + are).

Exam style: “Which statement best describes...”, exactly one correct option; use full technical terms,
no abbreviations.
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Topic: The Al Revolution (Section 1.1)
Q1. Which statement best describes what the course means by “the AI revolution” triggered by ChatGPT?

o A. Artificial intelligence became usable by anyone with a browser, removing the need for a developer to
write application programming interface calls.

e B. A new neural network architecture was invented that no prior system had used.

e C. Governments first began to regulate artificial intelligence systems.

e D. Models started training themselves without any human-written data.

Answer: A. The revolution was about access: before ChatGPT, using artificial intelligence required
developer glue code and an application programming interface call; ChatGPT let anyone simply ask a
question. B is tempting but wrong — the Transformer architecture already existed since 2017. Jtg=t:
R B TGO — WIT (GO 1978, Q4= 9y IO T AF6! AN TAY; TgJ Forey 7

Q2. A friend says, “ChatGPT must be conscious because it remembers everything we discussed earlier in the
chat.” Using the chapter, what is the best refutation?

e A. The model is conscious, but only within a single session.

e B. The model itself is stateless; the chat application re-sends the full conversation history as context every
turn, so the memory is an application-layer effect, not evidence of consciousness.

e C. The model has a permanent internal database that it queries each turn.

e D. The model rebuilds its weights after every message to store the conversation.

Answer: B. The model is stateless — apparent memory comes from the application re-sending the
prefix each turn and is bounded by the context length. D is wrong because weights are fixed at
inference; nothing is retrained per message. JMgal: Troa Ater [Fg T AL 71, W ASIF [ FERIFAFAT
RIS I WA ALK I — Al (GO &fFI 77

Q3. In the term “Chat Generative Pretrained Transformer”, which component names the neural network archi-
tecture?

e A. Chat

e B. Generative
e C. Transformer
e D. Pretrained

Answer: C. Transformer is the attention-based architecture (“Attention is All You Need”, 2017).
Chat is the interface, Generative means it produces text, and Pretrained refers to the training stage
— none of those name the architecture. aiar: Transformer-3 Frorey; Chat =tetr 36=ts, Generative S
BB ¢ofF, Pretrained W affsseg st

Q4. Why does the chapter call the chat assistant’s memory an “illusion”?

e A. Because the model deletes its memory at random intervals.



e B. Because the memory is stored on the user’s device, not the server.

e C. Because users imagine conversations that never happened.

e D. Because the model is stateless and the application achieves apparent memory only by re-sending the
conversation history with every request.

Answer: D. The model holds no state between calls; the running context (all prior turns) is resent
each turn, producing the illusion of memory. A is wrong — nothing is randomly deleted; the limit is
context length. et Woa stateless, o3 AfSIT LAt 32T W NS =T — GBI T AT IW o7 IR

Q5. Which of the following is the most accurate distinction the chapter draws between “ChatGPT” and “GPT-
477

o A. ChatGPT is the application (a chat front-end), while GPT-4 is the underlying model.
e B. They are two names for the exact same thing.

e C. ChatGPT is the architecture and GPT-4 is the product.

e D. ChatGPT is the model and GPT-4 is the company.

Answer: A. The chapter explicitly warns against confusing the application (ChatGPT) with the
model (GPT-3.5 / GPT-4). C reverses the roles and also misuses “architecture”, which is the Trans-
former. qga: ChatGPT ztet smifee==, GPT-4 o1 (oo@d Wed — @ ot SfAwd Fefl et g

Q6. A success factor for ChatGPT listed in the chapter is “mature cloud infrastructure.” Why would this matter
for adoption?

e A. It allowed the model to train itself without data.

e B. It meant the service could scale to serve millions of users quickly without each user owning powerful
hardware.

e C. It removed the need for any neural network at all.

e D. It guaranteed the model would never produce false statements.

Answer: B. Reaching 100 million users in about two months required infrastructure that could
serve that demand; mature cloud platforms made that feasible. D is wrong — hallucination remains
an inherent failure mode regardless of infrastructure. @A fFIs FIET TRFSTN &= I3 Fo &IB
IREIFIANE O[T WS (5ITg; QBT el TSI SFIT T

Topic: Next-Word Prediction & the Chain Rule (Section 1.2.1)
Q7. Which statement best describes what a language model fundamentally does?

o A. It stores a dictionary of word definitions and looks them up.

o B. It translates every sentence into a fixed numeric identifier.

o C. It assigns probabilities to sequences of tokens, capturing how likely a word sequence is.
e D. It corrects grammar by applying a fixed rule set.

Answer: C. A language model assigns probabilities to word sequences — that is its defining job. A
and D describe rule-based or lookup systems, which is precisely what language modelling replaced.
A S WG I YIANF FSRAT (77 — B3 I Fror; WfSe=-cdren I Fgw ecmst a3

Q8. The chain rule of probability rewrites the probability of a whole sentence as a product of conditional
probabilities. Why does the chapter stress that the chain rule is “exact”?

e A. Because it always gives a probability of exactly 1.

o B. Because it ignores the order of the words.

o C. Because it only works for sentences of length two.

e D. Because it introduces no approximation — it is just a re-expression of the joint probability using the
definition of conditional probability.

Answer: D. The chain rule merely rewrites a joint distribution as a product of conditionals via
P(A,B) = P(A)P(B | A); no information is lost. Approximation enters only later when the history



is truncated (the Markov assumption). Fe@t: chain rule 8y Y SYRANT ST YIFA WBNF G —
@A WINPT ([(3; WNIRFS! FT 217, 3oz Joe
Q9. Given P(I) = 0.05, P(love | I) = 0.10, and P(AI| I, love) = 0.20, what is P(I love AI) under the chain rule?

e A.1.00x 1073
. B.0.35
« C.0.05
« D.0.20

Answer: A. Multiply the conditional probabilities: 0.05 x 0.10 x 0.20 = 1.00 x 1073. B is the sum
of the three numbers — a classic trap, since the chain rule multiplies, it does not add. Jr&t: chain
rule-a @ FaCs 7x: 0.05 x 0.10 x 0.20 = 1.00 x 1073; curst F=cet g

Q10. Why do practical language-model systems work with log probabilities (sums of logarithms) instead of
multiplying raw probabilities?

e A. Logarithms make the probabilities larger, which is easier to read.

e B. Multiplying many small probabilities underflows floating-point arithmetic, so summing logarithms is
numerically safer.

e C. Logarithms convert probabilities into exact integer counts.

e D. The chain rule is only valid in logarithmic form.

Answer: B. Sentence probabilities shrink very fast as a product of many factors below one, risking
floating-point underflow; summing logarithms avoids this. D is false — the chain rule is stated in
probability form and is exact there. et WS (2B TSR @ FAca floating-point underflow =T; =13
logarithm st st f~arem

Q11. A more negative base-2 log probability for a sentence means which of the following?

e A. The sentence is more probable under the model.
e B. The sentence has more tokens.

e C. The sentence is less probable under the model.
e D. The sentence contains no unseen bigrams.

Answer: C. Since probabilities below one have negative logarithms, a more negative log probability
corresponds to a smaller probability — a less likely sentence. B is unrelated; log probability reflects
likelihood, not length directly. st log probability T &R dres, TSRAN T8 I — IFHH o I
Freiiks

Topic: The Bigram Model & Maximum Likelihood Estimation (Section 1.2.2)
Q12. Which statement best describes the first-order Markov (bigram) assumption?

e A. Every word is statistically independent of every other word.

e B. The probability of the next word depends on the entire preceding history.

e C. The probability of a word depends on the word that comes after it.

e D. The probability of the next word depends only on the immediately preceding word.

Answer: D. A bigram model truncates the chain-rule history to just the previous token: P(w;, |

Wy, .oy Wy_q) & Plw, | w,_1). A is the unigram/independence assumption; B is the exact chain rule
with no approximation. Jtgar: bigram ®g @ O35 *w0 ¢d; A =T unigram @179, B xtat 91ef chain
rule

Q13. In the maximum likelihood estimate P(w, | w, ;) = C(w, ,,w,)/C(w, ), what is the correct denomina-
tor?

o A. The count of the previous word w,_; in the corpus.
e B. The size of the vocabulary V.

e C. The total number of tokens in the corpus.

o D. The count of the bigram (w,_1,w,).



Answer: A. The denominator is the count of the previous word. Dividing by corpus length (C) or
vocabulary size (B) is the single most common exam trap; D would make every estimate equal to one.
A BTG AT WO =R st C'(w,_q) — o6 ===y 1 vocabulary e St &1 S 97 g

Q14. For the corpus “the cat sat on the mat the cat slept on the mat”, the word “the” occurs 4 times and the

bigram “the cat” occurs 2 times. What is P(cat | the)?

« A.0.25
e B. 0.50
o C.2.00
« D.0.17

Answer: B. P(cat | the) = C(the cat)/C(the) = 2/4 = 0.50. A comes from wrongly dividing
the bigram count by the corpus length region; D (&~ 2/12) is also a wrong-denominator trap. gt
2/4 = 0.50; g=1 ©res 7= It 0.25 A 0.17 =t

Q15. In the toy corpus, after the word “cat” the model sees “sat” once and “slept” once. What does P(sat |
cat) = P(slept | cat) = 0.50 tell us?

e A. The model strongly prefers “sat” over “slept”.

e B. The corpus is grammatically incorrect.

e C. The count-based model considers “sat” and “slept” equally likely after “cat” and cannot prefer one over
the other from these data.

D. The bigram “cat sat” never occurred.

Answer: C. Both continuations occur once after “cat”, so the maximum likelihood estimates are
equal; the model has no basis to prefer either. This is why “the cat sat on the mat” and “the cat
slept on the mat” get identical probability. @ “cat”-aF *F TOHE AFIF AT, O3 NG (FIAGIE
afaIT JATS HAIE T — ST TRAT

Q16. Why does the bigram-model probability of “the mat sat on the cat” collapse to 0.00 even though the
sentence is grammatical?

e A. Because “the mat sat on the cat” is too long for a bigram model.

e B. Because the model only accepts sentences it has seen verbatim.

e C. Because “cat” cannot appear at the end of a sentence. ~

o D. Because the bigram “(mat, sat)” never occurs in the corpus, so P(sat | mat) = 0, and one zero factor
forces the whole product to zero.

Answer: D. A single unseen bigram has probability zero, and since the sentence probability is a
product of bigram probabilities, one zero factor zeroes the entire sentence — the zero-count problem.
B is too strong; the model scores any sentence whose bigrams were all seen. &t “(mat, sat)” e
T (13, O O FFIRAT XT; SVHT OB XTI AR AP #[ FE T

Q17. A student computes P(Cat | the) by dividing the bigram count of “the cat” by 12 (the corpus length) and
gets about 0.17. What is the conceptual error?

o A. They divided by the corpus length instead of by C(the), the count of the previous word.
e B. They used the wrong logarithm base.

o C. They forgot to add Laplace smoothing.

e D. They counted the bigram wrongly.

Answer: A. The maximum likelihood denominator must be the count of the conditioning word
C'(the) = 4, not the corpus length 12. The bigram count (2) is correct, so D is wrong; smoothing (C)
is a different, optional step. MgeAl: QA6 SIeTF — NG S ey @19t 77, @MGIF *1=70 “the”-ag st 8 g st
TS TJ

Q18. Why must every row of a complete bigram transition table sum to 1.00 (a useful exam sanity check)?

e A. Because the vocabulary always has exactly that many words.
e B. Because, given a previous word, the probabilities of all possible next words form a probability distribution
that must sum to one.



C. Because the corpus length is always one.
D. Because the columns, not the rows, must sum to one.

Answer: B. Each row is a conditional distribution P(- | w, ;) over all possible next words, which
must sum to 1.00. D is wrong — it is the rows (fixed previous word), not columns, that normalize.
ear: AST Tz e =179 B @ @ SE I6, OI3 @ISIw S; I A9, T weils 1w

Q19. The chapter notes that the “mat” row of the toy transition table sums to 0.50, not 1.00. What is the
reason?

A. A counting error in the corpus.

B. The vocabulary size was computed incorrectly.

C. “mat” is the final token of the corpus and has no successor, so under the convention of dividing by the
unigram count its outgoing probabilities do not sum to one.

D. “mat” is not a real word.

Answer: C. The last corpus token has no following token, so one of its two occurrences contributes
no successor; dividing by the unigram count C(mat) = 2 leaves the outgoing mass at 0.50. This is
a corpus-boundary subtlety, not an error. JgEA: “mat” FHATT T GITA, T @I A A (3; O3
unigram st T SISt FAC @FISTFA 0.¢0 TW — T 77, AN S

Q20. Computing P(the cat sat on the mat) uses the unigram start term P(the) = 4/12 ~ 0.33 multiplied by
the chained bigrams, giving 1/24 ~ 0.04. Why is the unigram probability used for the first word?

A. Because the first word is always the most frequent word.

B. Because unigram probabilities are always larger than bigram probabilities.

C. Because the chain rule forbids bigrams at position one.

D. Because the first word has no preceding word, so there is no bigram to condition on; its prior is the
unigram probability.

Answer: D. The first token has no predecessor, so it cannot be conditioned on a previous word; its
standalone (unigram) probability serves as the start term. A and B are simply false generalizations.
Sl AT T W @I =97 (@8, 1% ©fF & bigram I 91 — I unigram SRR 9FF term

Topic: Why n-gram Models Break Down (Section 1.2.3)

Q21. Which statement best describes the central scaling problem of n-gram models as n grows?

A. The number of possible n-grams grows as V", so no realistic corpus can cover a meaningful fraction of
them, causing pervasive zero counts.

B. The model becomes too fast to be useful.

C. The Markov assumption becomes exact.

D. The vocabulary size V' shrinks toward zero.

Answer: A. With V" possible contexts (e.g. 50,000° ~ 3.13 x 10%?), most grammatical n-grams
are never observed, so data sparsity dominates. C is the opposite of the truth — larger n still only
approximates the full history. Jwat: SQ=T n-gram-a3 54y V" 2@ RewiiRs =30, @ear s g Suegd
(12 — ©I% 3 oo SKa

Q22. Why can a 5-gram model never reliably connect "The girl who grew up in Braunschweig speaks fluent
7 to “German”?

A. Because “German” is not in the vocabulary.

B. Because the relevant clue (“Braunschweig”) lies more than four tokens back, beyond the fixed window
the 5-gram can see.

C. Because 5-gram models cannot handle proper nouns.

D. Because the sentence is grammatically incorrect.

Answer: B. A 5-gram conditions only on the previous four tokens; the disambiguating clue is further
back, so the Markov assumption is hard-limited and the long-range dependency is lost. A and C are



not the issue — it is the limited context window. gt 5-gram sg @rsF 51416 *1=7 oeg; “Braunschweig”
ST (BT T, SI3 FITAHFT as! &I AT A

Q23. To a count-based n-gram model, “the cat sat” and “the dog sat” are unrelated events. What capability
does this reveal is missing?

e A. The ability to count bigrams.

e B. The ability to store probabilities.

e C. The ability to generalize across semantically similar words, because each word is just a discrete symbol
with no shared representation.

e D. The ability to tokenize text.

Answer: C. Count-based models treat each word as an isolated symbol, so statistical strength is
not shared between “cat” and “dog”; this lack of generalization is one of the three failures motivating
neural language models. et count-ree AfSH *1=v7 WM &8F, ©1F “cat” R “dog”-aF e FiTSr st
a1 — generalization-a3 weR

Q24. What does the chapter present as the solution to the three failures of n-gram models (sparsity, limited
context, no generalization)?

o A. Using an even larger value of n.

e B. Deleting rare words from the vocabulary.

e C. Switching from bigrams back to unigrams.

e D. A neural language model — a parametric function f, that outputs a distribution over the vocabulary
— leading ultimately to Large Language Models.

Answer: D. The chapter motivates neural language models as the fix: continuous word represen-
tations generalize, attention extends context, and a fixed parameter budget avoids the V™ explosion.
A makes sparsity worse, not better. atgan: e et FSAS OrFr Wewe — T generalize FE, I context
@@, =R V' REFRS QUI; n oA 99

Q25. Why does increasing n in an n-gram model not solve the long-range dependency problem in a sustainable
way?

e A. Because each increase in n multiplies the number of possible contexts by V', so sparsity worsens faster
than coverage improves.

o B. Because larger n makes the model ignore recent words.

e C. Because larger n changes the vocabulary.

e D. Because the chain rule breaks for n > 2.

Answer: A. Extending the window helps capture slightly longer context, but the count of possible
contexts scales as V", so data become exponentially sparser — an unwinnable trade. D is false; the
chain rule holds for any order. i@ n T context I I =7, FY FSRT context-aF 7AW V' &t Ics
— sparsity T® IS, I3 (GFA2 AN T

Topic: Language Models in Speech Recognition (Section 1.2.4)

Q26. In the speech-recognition decision rule W= argmaxy, P(X | W) P(W), which statement best describes
the role of P(W)?

e A. It converts the raw audio into acoustic feature vectors.

o B. It assigns a prior probability to each candidate word sequence, favoring linguistically plausible hypothe-
ses.

e C. It models how well the audio matches a candidate word sequence.

e D. It normalizes the result by dividing by the evidence P(X).

Answer: B. P(WW) is the language model — the prior over word sequences, scoring linguistic plausi-
bility independently of the audio. C describes the acoustic model P(X | W); D is unnecessary because
P(X) is constant across hypotheses. aar: P (W) ==t SiF Woe — @M I T I SR S7-5TS_AT;
P(X | W) == acoustic model



Q27. Why may the evidence term P(X) be dropped from the argmax in the noisy-channel decoding rule?

o A. Because P(X) is always equal to one.

o B. Because P(X) is the language model and is therefore optional.

o C. Because P(X) is the same for every candidate hypothesis W (the audio is fixed), so it does not affect
which hypothesis attains the maximum.

o D. Because P(X) is too small to compute.

Answer: C. The audio X is fixed, so P(X) is a constant common to all hypotheses; dividing every
score by the same constant cannot change the argmax. A is false — P(X) is not generally one. tgst:
wIfde %7, o138 5] hypothesis-a3 &5 P(X) 933 &3F; a3 147 AT Ot FI0 A1 (FBT G613 AS

Q28. A decoder compares W, ="“recognize speech” (acoustic 0.30, language 1.00 x 10~3) and Wy=“wreck a nice
beach” (acoustic 0.36, language 2.00 x 10~°). Which is chosen and why?

o A. W,, because it has the higher acoustic likelihood.

o B. W,, because longer sentences are always preferred.

o C. Wy, because it has the higher acoustic likelihood.

o D. W, because the product P(X | W) P(W) is larger (3.00 x 10~% vs 7.20 x 107°); the language model
vetoes the implausible W,

Answer: D. The decision uses the product: 0.30 x 1072 = 3.00 x 10~* beats 0.36 x 2.00 x 107> =
7.20 x 107%. Although W, fits the audio better, the language model rates it far less probable. C
wrongly claims W, has higher acoustics. qit@r: g =27 gdwE; W, ST @ [Neers st Ires o wamy
¥, o8 W, cos

Q29. This is exactly the value a language model adds in speech recognition. Which sentence captures that
value?

e A. It can override an acoustically better-fitting hypothesis when that hypothesis is a linguistically improb-
able utterance.

e B. It speeds up the conversion of audio into features.

e C. It removes the need for any acoustic model.

e D. It guarantees the audio is recorded without noise.

Answer: A. The language model contributes linguistic prior knowledge, letting the system reject
homophone-like but implausible sequences even when they match the sound slightly better. C is
wrong — both models are needed and combined. gl S MOEI T AW — N A8 THOIRF
JFE fSa FaT; acoustic model IW e 7T

Q30. What would happen to a speech recognizer if the language model were removed (i.e. P(W) made uniform
across all hypotheses)?

e A. Nothing would change.

o B. The rule would degenerate to arg maxy, P(X | W) — pure acoustic matching — so homophone confusions
like “wreck a nice beach” beating “recognize speech” would increase.

e C. The recognizer would become perfectly accurate.

e D. The acoustic model would also stop working.

Answer: B. A uniform P(W) drops out of the arg max, leaving only acoustic matching; the linguistic
prior that suppresses implausible homophones is gone, so error rate rises. C is the opposite of the
truth. aar: P(W) s =1 Sime® 8y acoustic e siffes =7; homophone-wifis ga1 Qe w17, Agerer w3

Q31. In the noisy-channel model, which pairing of term to meaning is correct?
o A. P(X | W) is the language model; P(W) is the acoustic model.
e B. P(X | W) is the evidence; P(W) is the posterior.
o C. P(X | W) is the acoustic model; P(W) is the language model.
o D. P(X | W) is the posterior; P(WW) is the evidence.

Answer: C. P(X | W) scores how well the audio matches a word sequence (acoustic model); P(W)
is the prior over word sequences (language model). A swaps the two — a common confusion. JKat:



P(X | W) = acoustic model (== f¥e1), P(W) = language model (IR o &-51917A1); A $eb ficaeg

Topic: Perplexity (Section 1.2.5)
Q32. Which statement best describes the intuitive meaning of perplexity?

e A. The number of parameters in the model.

B. The probability that the model is correct.

C. The total number of tokens in the test set.

e D. The average branching factor — roughly, among how many equally likely words the model is hesitating
at each step.

Answer: D. Perplexity is the average branching factor: lower means the model is more confident
and better. A and C confuse it with model or data size; it is a per-step uncertainty measure. Jat:
perplexity =@t st branching factor — &fS st WG ST FOSTEA! #HI W [T, TH T© FN, VGA ©© Ol

Q33. A model has lower perplexity on a test set than a competing model. What does this indicate?

e A. The lower-perplexity model is better, because it is on average less uncertain about the next word.
e B. The lower-perplexity model is worse.

e C. The two models are identical.

e D. The lower-perplexity model has more parameters.

Answer: A. Lower perplexity = lower average branching factor = a better language model. B inverts
the convention; D is unrelated, since perplexity measures uncertainty, not size. Jigait: S5 perplexity
T I O — SIG FN AT O!; 2FAWOET TRAF S T9F (73

Q34. The toy bigram model scores its own training sentence with perplexity about 1.70. Why is this so low?

e A. Because the test sentence had thousands of tokens.

e B. Because the model has effectively memorized its tiny corpus, so it is barely uncertain on a sentence it
has already seen.

e C. Because perplexity is always near one for bigram models.

e D. Because the vocabulary size is 1.

Answer: B. On a memorized training sentence the model assigns very high probability and is almost
not hesitating, giving very low perplexity. On unseen text with a zero-probability bigram, perplexity
would instead be infinite. Ar: (@G FHEr NOA JUF IR (FLEE, SI3 G I Bt & @3 — perplexity

4 9 (5.90)

Q35. A uniform random language model over a vocabulary of size V' has what perplexity, and what does this
tell us about the metric?

e A. Perplexity 1, meaning it is a perfect model.

e B. Perplexity 0, meaning it never makes errors.

e C. Perplexity exactly V', meaning it is maximally uncertain — choosing among all V' words equally; per-
plexity therefore upper-bounds at the vocabulary size for such a model.

e D. Perplexity infinite, regardless of V.

Answer: C. A uniform model is equally undecided among all V' words, so its branching factor —
and hence perplexity — is exactly V. This anchors the scale: good models score far below V. atgat:
uniform steet VIt =itwg ween seeiE g, ©fF perplexity 5 V; ot wtow a3 s [

Q36. Why would the toy bigram model’s perplexity be infinite on a test sentence containing an unseen word
pair?

e A. Because the sentence is too short.

e B. Because perplexity ignores unseen pairs.

e C. Because the vocabulary is too large.

e D. Because the unseen bigram has probability zero, making the sentence probability zero, and perplexity
is a (negative) power of that probability — undefined/infinite for zero.



Answer: D. An unseen bigram gives zero sentence probability; since perplexity is P~/ a zero
probability sends perplexity to infinity. This is the perplexity-side face of the zero-count problem.
IRAN: AWML (GIGIF AIIRAT X7, B ICFI TII]AT JA7; PN sgm 5w — @Bi% zero-count SSTIR SIS [t

Topic: Large Language Models (Section 1.3)
Q37. Which statement best describes how a Large Language Model relates to the bigram model of Section 1.27

e A. It uses the same next-word prediction objective, but the conditional probability is computed by a deep
neural network instead of count tables.

e B. It abandons next-word prediction entirely for a new objective.

e C. It only works on speech, not text.

e D. It replaces probabilities with hand-written grammar rules.

Answer: A. A Large Language Model keeps the chain-rule next-word objective; the difference is
that a neural network with parameters # implements the conditional instead of count tables. B is
wrong — the objective is the same, just scaled. dga: Large Language Model &3 “sitaq *1=1” 1513 JTY;
AT — a1 GReeTm T TS Feae @heus

Q38. Why does a neural language model handle the words “cat” and “dog” more gracefully than a count-based
n-gram model?

e A. It deletes one of the two words to avoid confusion.

e B. It represents words as continuous vectors, so similar words share statistical strength rather than being
treated as unrelated symbols.

o C. It memorizes every sentence containing either word.

e D. It refuses to process rare words.

Answer: B. Continuous word representations let semantically similar words share evidence, directly
fixing the n-gram failure of no generalization. C describes count-based memorization, which is the
problem, not the fix. @R TSI T =1 (©FF BOMR AT, O3 FYIIG -G A WART S SIS FE —
n-gram-43 generalization-srerx 73 =%

Q39. The chapter says a Large Language Model’s memory is “fixed at the parameter count instead of exploding
as V™.” Why is this an advantage?

e A. Because it makes the vocabulary smaller.

e B. Because parameters are free to store.

e (. Because the storage requirement no longer grows exponentially with context length; a fixed parameter
budget can encode broad statistics without a V"™ table.

e D. Because it removes the need for any training data.

Answer: C. Instead of an exponentially growing count table, the neural model uses a fixed set of
parameters, sidestepping the n-gram explosion. D is false — these models are trained on trillions of
tokens. qge: V" GRaw v [B7 A “MIRNGE =9 3T, ©IF context Irore (WE [owiEs za =

Q40. Which statement best describes “autoregressive generation” as used by a Large Language Model?

e A. Generating all tokens of the output simultaneously in one step.

e B. Selecting the output from a fixed list of stored sentences.

e C. Translating the prompt into a single numeric label.

e D. Producing output one token at a time, each conditioned on all previously generated tokens, then ap-
pending and repeating.

Answer: D. Autoregressive generation emits one token at a time, feeding each new token back as
context — the GPT-style decoding loop. A describes a non-autoregressive scheme, which is not what
GPT-style models do. 3wat: autoregressive generation tH @& GIEH I CofF, AfSH HGRSER 89T 1S
@, OIFF @S IR AT



Q41.

The chapter warns that Large Language Models do not “look up” facts. What does this imply about a

failure mode called hallucination?

Q42.

A. Because the model produces fluent text from statistics stored in its weights rather than querying a
database, it can generate fluent but false statements.

B. Hallucination only happens when the internet connection fails.

C. Hallucination means the model refuses to answer.

D. Hallucination is impossible for neural models.

Answer: A. Facts live as statistics in the weights, not as retrievable database entries; this is why a
model can produce fluent yet incorrect output (hallucination), a gap Retrieval-Augmented Generation
later addresses. Al W STGEAT (@SR AR BFENI AF, (GOIRST FF; I AR WG A @I —
hallucination — /=%

Why does the chapter say capabilities “emerge with scale” (e.g. a 70-billion-parameter model can write a

coherent poem while a tiny model cannot)?

A. Because larger models are explicitly trained on poems and smaller ones are not.

B. Because greater scale (more data, parameters, compute) lets the model internalize enough structure that
complex abilities appear without any task-specific training.

C. Because small models are deliberately disabled.

D. Because poems require a separate poem module.

Answer: B. The same next-word objective at large scale yields emergent abilities; no poem-specific
training is involved. A and D contradict the chapter’s point that competence transfers from general
pretraining. g I AR (I, AMATGR, FEHTH) 9F2 7T QAF3 Giow ol WIS 27, Wem ol
affrse Tror

Topic: Foundation Models & the Paradigm Shift (Section 1.4)

Q43.

Q45.

Which statement best describes a Foundation Model?

A. Any neural network with more than one billion parameters.

B. A rule-based expert system forming the base layer of a software stack.

C. A model pretrained on broad data with self-supervision that can be adapted to a wide range of down-
stream tasks.

D. A language model fine-tuned exclusively for conversational chat.

Answer: C. A Foundation Model is defined by broad pretraining data, self-supervision, and adapt-
ability to many downstream tasks. A is wrong because parameter count alone does not define the
paradigm; D describes one adapted product, not the foundation. ai@r: Foundation Model-a3 sikeat —
RFo @b self-supervised pretraining Q3R I7 FITG NSEIGHRINTO!; S ATANGIALT T3

. Which statement best describes the relationship between Large Language Models and Foundation Models?

A. They are exact synonyms.

B. Foundation models are a special case of Large Language Models.

C. They are unrelated concepts.

D. Large Language Models are one type of foundation model — the text modality — while foundation
models also span images, audio, and video.

Answer: D. A Large Language Model is the text-modality instance of the broader foundation-
model category, which also includes image, audio, and video models. A (synonym) and B (reversed
subset) are both common errors. awar: Large Language Model =@ foundation model-a3 GG %1
foundation model wRs IT ot — &R, Wee, fEes ag w@sfs

Which statement best describes the “pretrain — adapt” paradigm shift?

A. Pretrain one expensive model on broad unlabelled data, then adapt it cheaply to many tasks via
prompting, retrieval, tool use, or fine-tuning.
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e B. Collect labelled data for each task and train a fresh task-specific model every time.
e C. Hand-code rules for each new task as it arises.
e D. Train a separate model for every user.

Answer: A. The paradigm is one costly broad pretraining run followed by many cheap adaptations.
B describes the classical per-task pipeline the paradigm replaced; C is the older symbolic approach.

Il AYT B — I WA pretraining, SRF prompt /retrieval /tool /fine-tuning ity 17 Fiter s
SfSrres

Q46. Why does the chapter say “almost nobody trains foundation models — almost everybody engineers
products on top of them”?

e A. Because training is illegal.

e B. Because pretraining costs tens of millions of dollars in compute, so the economically sensible activity for
most is building on pre-trained models — which is AI Engineering.

e C. Because foundation models cannot be improved.

e D. Because there is no demand for new models.

Answer: B. The enormous pretraining cost concentrates model creation among a few, leaving most
practitioners to engineer products on existing foundation models — the very definition of AI Engi-
neering. A and D are false. tgat: pretraining-a3 435 &It Tellm, o3 QRFFetR Tor (©F o= 997
e At — @613 Al Engineering

Q47. A startup needs both a legal-document summarizer and a support chatbot. What is the foundation-model
approach, and a key trade-off?

e A. Train two separate task-specific models from scratch; trade-off: faster time to market.

e B. Hand-code rules for both tasks; trade-off: requires no data at all.

o C. Use one pretrained foundation model adapted twice (e.g. by prompting or fine-tuning); trade-off: depen-
dence on the model provider and less control over failure modes.

e D. Use the chatbot model for legal summaries without any adaptation; trade-off: none.

Answer: C. One pretrained foundation model can serve both tasks via cheap adaptation, sharing
pretraining cost and general language competence; the trade-off is reliance on the provider and reduced
control over failures and inference cost. A reverses the cost story. Jwat: a6 pretrained foundation
model 71T WfSrarew FAe3 13 I1& 50; trade-off == provider-Fdget @ failure-Rags %

Q48. Both a diffusion image model and a decoder-only Transformer count as foundation models despite com-
pletely different architectures. What do they share?

e A. The same neural network architecture.

e B. The same training corpus.

e C. The same number of parameters.

e D. The same paradigm: broad-data self-supervised pretraining followed by cheap adaptation to many
downstream tasks.

Answer: D. “Foundation model” describes the training-and-use workflow, not a specific architecture;
both follow pretrain-then-adapt. A directly contradicts the premise that their architectures differ.

gel: “Foundation model” Forer 99, SfFrse-@-I<EEd 499 Q@RI — TBI3 pretrain-sio@-adapt; oy
lemr

Q49. The chapter shows one fake model function serving as both a translator and a sentiment classifier, selected
purely by the system prompt. What capability does this illustrate?

e A. That task selection can happen through the prompt alone — adaptation without retraining — the
defining capability of foundation models.

e B. That the model is retrained between the two calls.

e C. That prompting changes the model’s parameters.

e D. That the two tasks require two different models.

Answer: A. The same function (model) performs different tasks chosen entirely by the prompt,
demonstrating adaptation without retraining. B and C wrongly assume the weights change; the
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point is that they do not. Jugr: a3 WG VY prompt INCH 3 FI& FE — retraining 2o wfSwreE,
foundation model-a7 &1 Fwot

Topic: Modalities, Tools & Local Inference (Section 1.5)
Q50. Which statement best describes the difference between LangChain and a Large Language Model?

e A. LangChain is the model and the Large Language Model is the framework.

e B. LangChain is a software framework that orchestrates calls to models, prompts, retrieval, and tools; it
contains no intelligence itself.

e C. They are the same thing.

e D. LangChain is a quantization method for shrinking models.

Answer: B. LangChain glues together models, prompts, retrieval, and tools behind a Python inter-
face but holds no intelligence — the model does the reasoning. A reverses the roles; D confuses it
with quantization. agar: LangChain @36 orchestration framework — =t@s, prompt, retrieval, tool

@t; T Ao IfH (13, FIGH oA FE
Q51. Which statement best describes Ollama as presented in the chapter?

e A. A hosted application programming interface that sends data to a remote server.

o B. A diffusion model for generating images.

e C. A runtime that lets you run open-weight Large Language Models locally on your own machine.
e D. A dataset of web text.

Answer: C. Ollama is a runtime for local execution of open-weight models (e.g. LLaMA-3 8B). A
describes the opposite — a hosted service; the whole point of Ollama is keeping inference local and
private. e Ollama et @I=FrET FF6IEN — [Hre @it open-weight Wtes siwr; @bt remote hosted =t
BE]

Q52. Why is quantization (e.g. 4-bit or 8-bit integer weights) useful for local inference?

e A. It increases the model’s accuracy beyond the full-precision version.

e B. It removes the need for any graphics-processing unit.

e C. It converts the model into a diffusion model.

e D. It reduces the memory the model needs so it can fit in consumer hardware, at some cost to capability.

Answer: D. Quantization shrinks weight precision so the model fits in limited consumer memory;
the chapter notes a quantized model is weaker than a frontier model — a capability cost. A wrongly
claims accuracy improves. qgat: quantization 8e=g Rgerot SN oW oM, ©1% consumer hardware-«
B — I SOl YT IO

Q53. What is the central trade-off the chapter draws between local inference and hosted application programming
interfaces?

e A. Local inference improves privacy but reduces capability and convenience, whereas hosted interfaces offer
higher capability but send data off the premises and charge per token.

e B. Local inference is always free; hosted interfaces always cost more and are slower.

e C. Hosted interfaces keep data fully on the user’s device.

e D. There is no meaningful difference between the two.

Answer: A. The trade-off is privacy/control versus capability/convenience: local keeps data private
but is weaker, hosted is stronger but data leaves the premises with per-token cost. B is wrong because
local still costs memory, compute, and electricity. @t trade-off = GoNTer I THFTST — @B
oA & g 11e; hosted-a =&t Fg @6t 13 TIT 8 per-token 2476

Q54. Which pair correctly names two foundation models of different modalities, as mentioned in the chapter?

o A. GPT-4 (text) and GPT-3.5 (text)
» B. Stable Diffusion (image) and Whisper (audio)
o C. LangChain (framework) and Ollama (runtime)
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o D. Common Crawl (data) and Sora (video)

Answer: B. Stable Diffusion is an image foundation model and Whisper an audio one — two different
modalities. A lists two text models; C lists tooling, not models; D pairs a dataset with a model. aat:
Stable Diffusion (2f%) =@ Whisper (wfe) — #fs stemmr modality; Iifer a3 &9 1 §=1/ oot

Topic: Course Map, Glossary & Engineering Perspective (Sections 1.0, 1.6)

Q55. Which statement best describes the engineering perspective that defines “Al Engineering” in this course?

A. Al Engineering is mainly about training new foundation models from scratch.

B. AI Engineering is the study of acoustic models only.

C. AI Engineering is about building reliable products on top of pre-trained foundation models, rather than
training them.

D. Al Engineering means hand-coding rules for each task.

Answer: C. The course frames Al Engineering as building reliable products on existing foundation
models, since pretraining is prohibitively expensive for most. A states the opposite of the chapter’s
thesis. aear: Al Engineering SIitq 797 0o (B3 1 79, IR o7 foundation model-a3 @ox Fdacarsy
CSATGIF AT

Q56. The exam cover sheet instructs: “Use the technical terms from the lecture. Do not use abbreviations.”
Which answer best reflects this rule?

e A. Write “LLM” because it is shorter and clearer.

e B. Avoid technical terms entirely and use everyday words.

e (. Use abbreviations only for foundation models.

e D. Write “Large Language Model” in full rather than “LLM?”, and similarly spell out other technical terms.

Answer: D. The instruction requires the full lecture technical terms with no abbreviations —
e.g. “Large Language Model”, not “LLM”. A and C violate the no-abbreviation rule; B drops the
required terminology. @A W e siof MR =<0 @A, TG @ 79 — “LLM” 7w, “Large Lan-
guage Model”

Answer Key

Q# Ans Q# Ans Q# Ans Q# Ans
QL A Q15 C Q29 A Q43 C
Q2 B Q16 D Q30 B Q44 D
Q3 C Q17 A Q31 C Q45 A
Q4 D Q18 B Q32 D Q46 B
Q5 A Q19 C Q33 A Q47 C
Q6 B Q20 D Q34 B Q48 D
Qr C Q21 A Q35 C Q49 A
Q8 D Q22 B Q36 D Q50 B
Q9 A Q23 C Q37 A Q51 C
Q10 B Q24 D Q38 B Q52 D
Q11 C Q25 A Q39 C Q53 A
Q12 D Q26 B Q40 D Q54 B
Q13 A Q27 C Q41 A Q55 C
Q14 B Q28 D Q42 B Q56 D

Distribution count: A = 14, B = 14, C = 14, D = 14 (total = 56).
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