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Chapter 2 — Intuitive MCQ Bank (Foundation Models / LLMs)

75 multiple-choice questions, intuitive/conceptual level, covering the main chapter AND the extended
supplement. One correct option each. Cover the answer (blockquote) while testing yourself. Bilingual
explanations (English + 3ream).

Exam style: “Which statement best describes...”, exactly one correct option; use full technical terms,
no abbreviations.
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Topic: Training Data and Bias

Q1. A team trains an English-only model on Wikipedia plus Reddit, then is surprised it performs poorly on
Bengali medical questions. Which statement best explains this outcome?

e A. Capability tracks the training distribution, and a language absent from the corpus is never learned.
e B. The transformer architecture is incompatible with Bengali script.

e C. The tokenizer automatically deletes non-English characters during inference.

e D. The model needs a larger context window to handle Bengali.

Answer: A. A model encodes only the statistical regularities present in its data (“no Thai data, no
Thai capability”); the gap is a data artefact, not an architecture or tokenizer one. The other options
misattribute a data-coverage limitation to architecture, tokenization, or context length. @r: wrwe
T AT B3 Gty — FHAIT (T ST (73, (13 SIFIT 4J{; OBt Foroy 1 GIS3onEd (g =9

Q2. Why does training tend to amplify a bias rather than merely mirror it?

e A. A dedicated “bias parameter” stores the asymmetry and scales it up.

e B. The optimizer rewards confident, low-loss predictions, so it pushes probability past the raw data fre-
quency of the majority pattern.

e C. Tokenization doubles the frequency of majority tokens.

e D. Larger vocabularies inject extra bias.

Answer: B. The next-token objective rewards confident predictions, so the model generalizes a mild
majority correlation and over-shoots the observed frequency. The other options invent mechanisms (a
“bias parameter”, tokenizer doubling, vocabulary) that the lecture never describes. Jteat: optimizer

fAfts-low-loss prediction-& S|7F ™F, ©1% RAMIFS Qi @O-FEa™T cme & afdm o

Q3. A startup believes adding 10x more raw Common Crawl data will always improve their model. Which
statement best challenges this belief?

o A. Raw web data cannot be tokenized.

e B. Adding data removes the need for alignment.

o C. Quality matters: a smaller classifier-filtered corpus (FineWeb-Edu) can beat a larger raw one, the
“garbage in, garbage out” principle.

e D. More tokens always lower loss regardless of quality.

Answer: C. The lecture stresses that data quality drives performance; filtered FineWeb-Edu outper-
forms larger raw Common Crawl. The “more tokens always help” option is the myth being refuted;
raw web data is in fact tokenized; and adding data does not replace alignment. Jtgst: & Bo1 =™
I I — WF A9 7 T G- @5 (g e Fa1 FineWeb-Edu 3 F161 w9+t 2w



Q4.

Removing documents that appear hundreds of times in the corpus (deduplication) improves generalization

mainly because:

e A. it shrinks the vocabulary so sequences get shorter.

e B. it converts near-duplicates into exact duplicates.

o C. it increases the irreducible loss floor.

e D. duplicated documents receive multiplied gradient weight, causing verbatim memorization instead of

learning general patterns.

Answer: D. A document seen 100 times gets 100 times the gradient, so the model memorizes it
rather than generalizing; deduplication frees capacity for diverse text. The other options confuse
deduplication with tokenization, reverse the goal, or name an unrelated quantity. J&r: Soo IF WLl
THOTG 500 B (AFSTTT AMT — TOA IR FE, SNARF s =g /1, dedup @3 WoHew 2w

Topic: Tokenization and APl Cost

Q5. Modern large language models use byte-level Byte-Pair Encoding chiefly because it:

A. can represent any string as bytes (no out-of-vocabulary) while giving frequent strings short codes.
B. guarantees one token per word in every language.

C. produces the linguistically optimal split into morphemes.

D. uses a fixed dictionary that never changes after release.

Answer: A. Starting from the 256 byte values, every string is representable, eliminating out-of-
vocabulary failures, and learned merges shorten frequent strings. The other options are false: rare
words still split, Byte-Pair Encoding is a greedy frequency heuristic rather than morphological, and a
fixed dictionary is irrelevant to the core advantage. Jwiat: byte F 8% I @I 58 @4 7w (OOV
(%), =T 999 358 @B @S o1y — a3 byte-level BPE-3 &1 s

Q6. Two providers charge the same price per token yet bill different amounts for the identical sentence. Why?

A. One provider secretly charges per character.

B. They use different tokenizers, so the same text maps to a different token count.
C. The context window differs between them.

D. One uses cosine similarity for billing.

Answer: B. Different tokenizers segment identical text into different numbers of tokens, so the
effective cost per word differs even at an equal price-per-token. The other options are not the billing
mechanism described. Iig@t: o7 GRFARGR 9F3 IFHS o7 TRAT GIFH SiCe, I3 2AfS-GIEF 7 9F A8
B 4G AT

Q7. A smaller vocabulary, all else equal, tends to increase which cost?

A. Embedding-matrix memory.

B. The entropy of natural language.

C. Per-sequence compute, because each sentence becomes more tokens (longer sequences).
D. The size of the tokenizer file on disk.

Answer: C. Fewer token types mean more tokens per sentence, lengthening sequences, and atten-
tion cost grows with sequence length. Embedding-matrix memory moves the opposite way (a larger
vocabulary costs more), while the entropy of language and the tokenizer file size are unrelated. awet:
@B ERFR — AfS I QR GrFT — 79 FiweEs — &R (quadratic) attention =

Q8. Why can you not swap a model’s tokenizer for a better one after training?

A. The license prohibits it.

B. Tokenizers are stored encrypted.

C. It would change the learning-rate schedule.

D. Every embedding row and the output projection are keyed to specific token identifiers from the trained
vocabulary.



Answer: D. Input embeddings and the output layer are bound to specific token identifiers, so a new
tokenizer would mismatch every parameter that touches token identity. The other options are not
the structural reason. Jtgat: input embedding @ output layer Af#g token ID-3 s Jat, ©fF Grrd3e
et S token-soifFs *mIfNeR e =

Q9. In a Byte-Pair Encoding merge process, why does the word “lowest” tokenize into only two pieces (low +
est) even though “lowest” never appeared in the training corpus?

o A. Because merges learned from frequent substrings (low, est) compose to cover unseen words.
e B. Because the tokenizer memorized “lowest” as a special token.

e C. Because byte-level encoding stores whole words.

e D. Because the end-of-word marker was ignored.

Answer: A. Sub-word merges built from frequent substrings recombine to represent novel words
compactly, the core power of Byte-Pair Encoding. Memorizing whole words or storing whole words
by byte-level encoding contradicts how it works, and ignoring the end-of-word marker would change
the counts rather than enable composition. it T =i §eat (low, est) RTF 14T merge (GGl @t
AT *IS | (BT SITG — QB61% sub-word GRETIREHET IS

Q10. Which statement best describes Byte-Pair Encoding as an algorithm?

o A. It finds the provably optimal vocabulary for a corpus.

o B. It greedily merges the most frequent adjacent symbol pair, repeatedly, until a target vocabulary size is
reached.

o C. It assigns each whole word a random integer identifier.

e D. It splits text purely on whitespace.

Answer: B. Byte-Pair Encoding iteratively merges the most frequent adjacent pair, a greedy heuris-
tic rather than an optimizer. Calling it optimal overstates it, while random word identifiers and
whitespace splitting describe word-level or whitespace schemes. Figeir: BPE =< s w91 =571
AP (@IEE merge IR — Aabl greedy &S, optimal 3

Topic: Input/Output Pipeline and Context Window
Q11. Training a transformer is parallel across all positions but generation is inherently sequential. Why?

e A. Generation uses a different architecture than training.

o B. Training disables the causal mask.

e C. During generation each new token depends on the previously sampled token, so positions cannot be
computed all at once.

D. Generation cannot use the embedding matrix.

Answer: C. Teacher forcing supplies all true prefixes in training (parallel), but at inference each
token must be sampled before the next can be conditioned on it. The other options are false, since
the same architecture and components are used. & GR-a teacher forcing s @& prefix aFsma
@@ (parallel), Fg @R WG GILFT AT 1 20 HEIG! B FAT T

Q12. What is “teacher forcing” and why does it matter for transformer pretraining?

A. Forcing the model to use a teacher network at inference.

B. Feeding the model’s own outputs back during training to add noise.

e C. A regularization penalty on large weights.

D. Conditioning every position on the true prefix during training, which lets all positions be computed in
parallel.

Answer: D. Using ground-truth prefixes (not the model’s outputs) lets every position’s loss be
computed simultaneously, enabling efficient parallel training. The other options mischaracterize it.
iget: teacher forcing W GfR-a AR WgMEE WS prefix (8T — IR T WIFE AFANY TNSIIC B9
Fq ™



Q13. The context window of a model is best described as:

e A. the maximum number of tokens (input plus generated) it can process at once.
B. the model’s long-term knowledge stored in its weights.

e C. the number of transformer layers.

e D. the vocabulary size.

Answer: A. It is short-term memory bounding the combined input and output token count, fixed
at design time. It is not parametric knowledge, layer count, or vocabulary size. Jat: FFGHG S3CT!
= G AT FAT B GBI R (37545 + =r86sy5); «br wgommi™ s, weight-a et e 93

Q14. A chatbot must “remember” a 300-page manual that far exceeds its context window. Which approach is
not among the standard overflow strategies from the lecture?

e A. Drop the oldest tokens.

e B. Enlarge the context window at runtime to fit everything.

e C. Replace older tokens with a running summary.

o D. Move older content into a database and retrieve relevant chunks (retrieval-augmented generation).

Answer: B. The window is a fixed architectural property set at training time; you manage overflow
by dropping, summarizing, or retrieving, not by enlarging it on the fly. The other three are the
lecture’s strategies. el IS Froreysrs, IFBIRT IGIAT T 715 overflow SINeIT =3 am g [/ sanss @ /
RAG facm

Q15. Why does doubling the context length more than double the per-step attention compute?

e A. Longer contexts use a larger vocabulary.

e B. The embedding dimension doubles with context.

o C. Self-attention compares every token with every other, so cost grows with the square of sequence length.
e D. Doubling context halves the precision.

Answer: C. Attention is quadratic in sequence length, so twice the tokens means about four times
the attention compute. The other options invent dependencies that do not exist. Jigat: attention
afSfB G afef e I gamr @ (O(n”2)), 1% oy 2 9 XA 46 AT 8 3

Topic: Embeddings and Word2Vec
Q16. Why can one-hot vectors not express that “bank” and “loan” are related?

e A. One-hot vectors are too high-dimensional to compute with.

e B. One-hot vectors change during inference.

e C. One-hot vectors require a graphics processing unit.

e D. Each token sits on its own axis, so all one-hot vectors are mutually orthogonal and every pair is
equidistant.

Answer: D. Orthogonality means every pair has identical (zero) similarity, so no relation can be
encoded, the core representational limit. High dimensionality is a secondary efficiency issue rather
than why similarity fails, and one-hot vectors neither change at inference nor require special hardware.

&l one-hot (93T X WM WCF — 97T orthogonal — 5 @eR fiiet ST (X)), ©F I F=94F =1
7 AT

Q17. Looking up row ¢ of the embedding matrix for token ¢ is mathematically equivalent to:

e A. multiplying the embedding matrix by the one-hot vector of token 4.
e B. applying a non-linear activation to the token identifier.

e C. running the token through the tokenizer again.

e D. normalizing the token’s frequency.

Answer: A. A one-hot vector times the embedding matrix selects exactly that token’s row; the
embedding layer is a linear projection from the vocabulary size to the embedding dimension. The



other options describe different operations. Jgat: one-hot x embedding matrix W=3 13 GRFERI TR
Qg @eq — embedding layer a& V—d @6t linear projection

Q18. In a trained embedding space, a token’s vector length (norm) most closely reflects its:

e A. exact meaning.

o B. training frequency / generality.
e C. position in the sentence.

e D. part of speech.

Answer: B. Frequent words accumulate more gradient updates and get larger norms (a dense
cluster of generic usage); direction, not length, carries meaning. The other options confuse length
with meaning, position, or grammar. Kl 999 ¥ QR (AfSTB GICT IT norm AT (A T2 ; =0
AF s, ey 79

Q19. Why is cosine similarity, not Euclidean distance, the standard tool for comparing word meanings?

e A. Cosine is always faster to compute.

e B. Cosine never returns negative values.

e C. Cosine compares direction and ignores magnitude, so synonyms of different frequency still match.
e D. Cosine needs no vectors.

Answer: C. Meaning lives in direction; cosine ignores the norm, so “car” and “automobile” match
regardless of how often each occurs. Cosine is not generally faster, it ranges from minus one to one
(so it can be negative), and it of course requires vectors. e W AWM Fts; cosine ey st I, OIF
o7 fFrafsm sl ==is e T

Q20. Word2Vec’s skip-gram objective is to:

e A. predict the center word from its surrounding context.
o B. translate words between two languages.

e C. compress the vocabulary into fewer tokens.

e D. predict context words from a center word.

Answer: D. Skip-gram maximizes the probability of the context given the center word. Predicting
the center from context is the continuous-bag-of-words variant, while translation and compression
are unrelated tasks. @l skip-gram &w-* @& context = predict F@ (P (context|center)); Sebisr
(context @ &%) =& CBOW

Q21. What is the key difference between Word2Vec embeddings and the embeddings inside a transformer?

o A. Word2Vec vectors are static (one fixed vector per word), whereas transformer embeddings become
context-dependent through attention.

e B. Word2Vec vectors are larger.

e C. Transformer embeddings are hand-designed.

e D. Word2Vec uses cosine and transformers use Euclidean.

Answer: A. Word2Vec gives one vector per word with no context; in a transformer the input embed-
dings are made context-dependent by self-attention. Size is not the point, transformer embeddings
are learned rather than hand-designed, and the metric claim is invented. atgs: Word2Vec-93 @©$7
7 (afS =t «361), Fg transformer-a attention M e context-A$T = Tw

Topic: Attention and the Transformer
Q22. In the Query-Key-Value formulation, which intuition is correct?

e A. The Query says “what content I hand over if selected.”

e B. The Query says “what I am looking for,” the Key “what I advertise,” and the Value “what content I
pass on.”

e C. The Value says “what I am looking for.”

e D. All three vectors are identical for a given token.



Answer: B. Query is what I seek, Key is what I advertise, and Value is the content handed over; a
query-key dot product scores relevance and the weights mix the values. Two options swap these roles,
and they are not identical, since they come from three different projections. arar: Query = i gy,
Key = fatew sk ) [Rearom, Value = {fifvs e § Rsgsg 3 — 5316 @memr projection

Q23. Why are the query-key dot products divided by the square root of the key dimension before the softmax?

e A. To normalize the attention weights so each row sums to one.

e B. To reduce attention’s complexity from quadratic to linear.

e C. To keep the dot-product variance near one, preventing softmax saturation and vanishing gradients.
e D. To apply the causal mask.

Answer: C. A dot product of d_k components has variance about d_ k; dividing by its square root
restores variance near one so the softmax stays sensitive and gradients flow. Summing each row to
one is the softmax’s own job, the cost stays quadratic, and masking is a separate step. aat: d_k
WA To-ceteitgd variance ~ d_k; d_k fitg =1t 9t variance ~ 1 ans — softmax saturate 3w =,

v

gradient 3o

Q24. In decoder-only models, the causal mask sets future-position scores to negative infinity before the softmax.
What would go wrong if you instead zeroed those weights after the softmax?

e A. Nothing, the result is identical.

e B. The model would become bidirectional and faster.

e C. The embedding matrix would need retraining.

e D. The rows would no longer sum to one, distorting the weighted average of values.

Answer: D. Masking must happen before the softmax so each row still normalizes to one; zeroing
afterward breaks the probability distribution over keys. The other options are incorrect consequences.
&l W softmax-a3 @it fite =7 Tite AR MfFw @it > A; T =7 T I (Ore T

Q25. Why does multi-head attention often outperform a single attention head of the same total width?

o A. Each head can specialize in a different relation (syntax, coreference, positional patterns).
e B. It reduces total compute below one head.

o C. It removes the need for positional encoding.

e D. It eliminates the residual connection.

Answer: A. Splitting into several heads of smaller size lets each head learn a distinct pattern at
the same total cost. Compute is matched rather than reduced, and positional encoding and residual
connections are unrelated to this. Qe h-Bt TAT S5t FIE (G 4I6 OF3 WF g AR T2 s sorb
(syntax, coreference) frats mx

Q26. What does the residual (skip) connection y = x + Sublayer(x) primarily enable?

e A. It shrinks the vocabulary.

e B. It gives gradients an identity path so very deep stacks can train.
e C. It removes the need for attention.

e D. It makes the model permutation-invariant.

Answer: B. The identity path lets gradients flow back unimpeded, enabling deep stacks. The other
options are unrelated to what residual connections do. s residual siccarst gradient-& a6t identity
oY (T, IR I B STOIT MOS8 (G FH W

Q27. Self-attention by itself is permutation-equivariant. What practical problem does this create, and what
fixes it?

e A. It makes the model too slow; weight tying fixes it.

e B. The vocabulary explodes; sub-word tokenization fixes it.

e C. Word order is invisible, so “dog bites man” and “man bites dog” look identical; positional encoding fixes
it.

e D. Gradients vanish; RMSNorm fixes it.



Q28.

Answer: C. Permutation equivariance means shuffling tokens just shuffles outputs, so order is lost;
positional encoding injects position. The other options pair the wrong problem with the wrong fix.
AR permutation-equivariant 2STT IR TN T (“FPHI INGIE WP = “NIgF IS FFA'); positional
encoding a3 & @It IR

The feed-forward network inside each transformer block typically expands the dimension about fourfold

and back. Which statement best describes its role?

Q30.

A. Tt mixes information across tokens, replacing attention.

B. It computes the positional encoding.

C. It normalizes activations across the batch.

D. Tt operates per position (per token), holds most of the model’s parameters, and often acts like key-value
memory for facts.

Answer: D. The feed-forward network is applied independently at each position, contains most
parameters, and is often interpreted as factual memory. Attention (not the feed-forward network)
mixes tokens, and positional encoding and batch normalization are other components. & FFN
AfSTo WRFIT Mo Ihor I, QRS ARG 4F e, S SR key-value oiFRg Jrst @eae R

. When reading a decoder-only attention map, which observation confirms the causal mask is working?

A. The upper triangle (key position later than query position) is empty.
B. Every column sums to one.

C. The matrix is symmetric.

D. The diagonal is all zeros.

Answer: A. A causal mask zeroes attention to future tokens, so the upper-right triangle is empty
and each row (a token’s attention budget) sums to one. The column-sum claim names the wrong axis,
and symmetry and a zero diagonal are false for causal attention. tgat: causal Irg SRR GIFE Vo=
T DI, I3 GARI-TIF [Age Fwr; AT mifFg caorwe o

Which statement best captures why attention was an advance over recurrent sequence-to-sequence models?

A. Attention removes positional information that confused recurrent networks.

B. Attention replaces a single fixed-length context vector with a dynamic, content-dependent representation,
dissolving the information bottleneck.

C. Attention makes the vocabulary smaller.

D. Attention eliminates the need for embeddings.

Answer: B. Recurrent sequence-to-sequence models compressed the whole source into one vector
(the bottleneck); attention lets each output token look at all inputs dynamically. The other options
are false advantages. awst: RNN seq2seq 7d1 I @& (@3 51919 (bottleneck); attention &fSft smeboEre
ST 399 SIfSMAen orFre o

Topic: Modern Transformer Variants

Q31.

During generation, why does the key-value cache exist, and what does it save?

A. Tt stores the vocabulary so detokenization is faster.

B. It stores the optimizer states between steps.

C. It stores past tokens’ keys and values so each new token needs one forward pass over a single position
instead of re-encoding the whole prefix.

D. It caches the positional encodings only.

Answer: C. Recomputing all past keys and values each step would be quadratic per token; caching
them makes each step process just the new position. The other options misidentify what is cached.

@ afsam s R K/V s/mR 251 s O(n”2) 416, KV S ciete sy Iy, o8 afS gt sy a3
EEEREY | SIER



Q32.

Grouped-query attention lets several query heads share one key/value head. What is its main benefit, and

a common misconception to avoid?

Q33.

A. It greatly reduces the parameter count; the misconception is that it saves memory.

B. It removes the need for the causal mask; the misconception is that it changes the vocabulary.

C. It doubles the context window; the misconception is that it slows inference.

D. It saves key-value cache memory and bandwidth at inference; the misconception is that it mainly reduces
parameter count.

Answer: D. Grouped-query attention’s win is a smaller key-value cache (memory and bandwidth)
at inference, not a large parameter reduction. The other options invert the truth or are simply false.
aiar: GQA-3 ¥ &re inference-a b KV Fm (omfd/resse), sIRINER S 780 — 93 &l 4K 9GS
1)

A model with 32 layers and 32 query heads switches from multi-head attention to grouped-query attention

with 8 key/value heads. The key-value cache per token changes by roughly:

Q34.

A. a fourfold reduction.

B. no change.

C. a thirty-twofold increase.
D. a twofold increase.

Answer: A. The cache scales with the number of key/value heads; 32 to 8 heads is a 32/8 = fourfold
reduction. The other options contradict the linear dependence on the number of key/value heads.
et I K/V head sRa5@ Trgaiifess; v — b WA 02/b = 8 & T

Rotary Position Embedding encodes position by rotating query and key vectors. Why is this elegant

compared with adding a position vector?

Q35.

Q36.

A. Rotation increases the vector length proportionally to position.

B. Rotations preserve length, and the dot product of two rotated vectors depends only on their position
difference, so attention scores encode relative distance.

C. Rotation is applied to the values, freeing the queries.

D. Rotation removes the need for any frequency parameters.

Answer: B. Because rotation is length-preserving and the rotated dot product depends on the
position difference, attention scores naturally capture relative position. Rotation does not change
length, it is applied to queries and keys (not values), and per-pair frequencies remain. gel: (IR
oy WA AT, WK 13 (@RI (SFERIT To-(ATTIF 67 F@ AIRET AMLEF @99 — attention S es
A9 4

RMSNorm differs from LayerNorm mainly in that it:

A. normalizes across the batch instead of across features.

B. adds a second bias term.

C. drops the mean-subtraction (and bias), normalizing only by the root-mean-square, with empirically
equal quality.

D. is applied only at inference.

Answer: C. RMSNorm omits mean-centering and the bias, scaling by the root-mean-square, fewer
operations with similar quality. Both methods normalize per token across features, it removes rather

than adds a bias term, and it is used in both training and inference. agst: RMSNorm mean-Rcms @
bias Iw fitg 8g root-mean-square g normalize FW@ — FN AT, AF3 I T

Where you place LayerNorm changes whether a deep transformer trains at all. Why does Pre-LayerNorm

allow far deeper networks than Post-LayerNorm?

A. Pre-LayerNorm uses fewer parameters.

B. Post-LayerNorm removes attention.

C. Pre-LayerNorm enlarges the vocabulary.

D. Pre-LayerNorm keeps the residual path a clean identity, so gradients flow back unmodified instead of
being rotated or scaled at every block.



Answer: D. Post-LayerNorm sits on the residual path and distorts gradients (unstable past roughly
24 layers); Pre-LayerNorm normalizes inside the block, leaving a clean identity path for 100 or more
layers. The other options are unrelated. Jteat: Post-LN residual @ $97 Ior gradient {Fe I@;
Pre-LN 33 @@ normalize 33, residual s #iff®= identity I — oo+ 87 Freiw G =

Topic: Decoding and Sampling
Q37. As the sampling temperature approaches zero, decoding becomes:

o A. equivalent to greedy decoding (always the highest-probability token).
e B. uniform random over the vocabulary.

e C. equivalent to pure sampling.

e D. undefined.

Answer: A. Dividing logits by a shrinking temperature amplifies every gap, so the maximum-
probability token’s probability tends to one, greedy decoding as a limit. Uniform behavior is the
high-temperature limit, and the remaining options are wrong. tga: T — 0 et logit-#irfy e =0
T, A GBI TSR 5.00 — greedy decoding

Q38. Raising the temperature above one has what effect on the next-token distribution?

o A. It sharpens the distribution toward the top token.

o B. It flattens the distribution toward uniform, increasing diversity and incoherence risk.
e C. It makes decoding deterministic.

e D. It removes the long tail entirely.

Answer: B. A temperature above one shrinks logit differences, flattening probabilities (more diverse,
riskier). Sharpening is what a temperature below one does, the zero limit is deterministic, and
removing the tail is truncation (top-k or top-p) rather than temperature. Jgat: T > 1 logit-if=s st
T — IBF Ao, [(fva; @ g oraifer s @

Q39. What is the essential difference between top-k and top-p (nucleus) sampling?

o A. Top-k renormalizes, top-p does not.

e B. Top-p is deterministic, top-k is stochastic.

o C. Top-k keeps a fixed number of tokens, while top-p keeps the smallest set whose cumulative probability
reaches the threshold, so its size adapts to the distribution.

e D. Top-k keeps a variable number, top-p keeps a fixed number.

Answer: C. Top-k keeps a fixed count regardless of shape; top-p keeps an adaptive set (narrow
when confident, wide when uncertain). Both renormalize and both are stochastic, and the last option
reverses the roles. ateat: top-k fixed 12y A top-p & SIWRAT threshold & s’ adaptive o5 Iy
(Ffe == 1B, fsmm ao)

Q40. After truncating a distribution with top-k or top-p, why must you renormalize the surviving probabilities?

e A. To convert them to logits.

e B. To apply the causal mask.

e C. To increase the temperature.

e D. Because removing tokens leaves the remaining probabilities summing to less than one, so they must be
rescaled to form a valid distribution.

Answer: D. Dropping the tail leaves the mass below one; dividing by the kept mass restores a valid
probability distribution to sample from. The other options are unrelated steps. e @rer IW e
fF TYIRAT TNF 5>-aF FF TF; AT T 0T St @ WIKIF (Y IBF IHNCS 77

Q41. For factual question-answering and code extraction, which decoding setting does the lecture recommend,
and why?

e A. Greedy or a temperature near zero to about 0.3, for reproducibility and the fewest hallucinated tokens.
e B. A temperature near 1.3 with top-p, for maximum creativity.



C. Pure sampling, to explore the long tail.
D. Top-k of 1000, to keep all tokens.

Answer: A. A low or zero temperature gives reproducible, low-hallucination output suited to factual
and code tasks. High-temperature options suit creative writing, and a very large top-k effectively
disables truncation. agar: factual QA 8 &Its greedy At T & o—o.9 — sFEesm=EsT, 9 hallucination;
Joe @A &fF T @t

Topic: Pretraining Systems (FLOPs, Precision, GPU, Distributed)

Q42.

Q43.

The 6ND rule estimates training compute. Where does the factor of 6 come from?

A. Six graphics processing units are required.

B. Approximately 2 floating-point operations per parameter for the forward pass plus about 4 for the
backward pass, per token.

C. Six bytes are stored per parameter.

D. Six transformer layers.

Answer: B. The forward pass is about 2 operations per parameter and the backward pass about
4, summing to roughly 6 per parameter per token. The other options misread the 6 as hardware,
storage, or depth. agat: forward-a ~3 @@ backward-a ~8 @omE== &fS HRINGIE &S GrFE — @6 ~v

Why is making a model deeper generally cheaper in floating-point operations than making it wider (larger

hidden size)?

Q45.

A. Depth has no compute cost.

B. Width scales linearly and depth quadratically.

C. Depth scales the operation count linearly while width scales it quadratically.
D. Both scale logarithmically.

Answer: C. Adding layers grows cost linearly, but widening grows matrix dimensions on both axes,
so cost grows with the square of width. One option falsely claims depth is free, another reverses the
scaling, and the last is wrong. e sSigst (depth) FLOPs linear arerm, /g width quadratic arers —
T2 IO T TS

. Why has nearly every large language model trained since 2021 used BF16 rather than FP167

A. BF16 uses fewer total bits.

B. BF16 has more mantissa (precision) bits.

C. BF16 is an integer format used for inference.

D. BF16 keeps FP32’s exponent range (8 bits), so it trains stably without the loss-scaling hacks FP16
needs.

Answer: D. BF16 trades mantissa precision but keeps FP32’s wide exponent range, avoiding under-
flow and overflow and the need for loss scaling. Both formats use 16 bits, BF16 has fewer mantissa
bits, and it is not an integer format. atear: BF16 FP32-a3 exponent range (v &%) ang, o3 loss-scaling
wos e G =9; FP16-93 range &% et loss scaling awst

Why is large-scale training of a large language model practically infeasible on central processing units?

A. Central processing units are sequential-optimized with low parallelism and bandwidth and no Tensor
Cores, whereas training is memory-bound and needs massive parallel matrix multiplication.

B. Central processing units lack floating-point units entirely.

C. Central processing units cannot store model weights.

D. Central processing units only support BF16.

Answer: A. Training needs the parallel matrix-multiply throughput and very high memory band-
width that graphics processing units (with Tensor Cores) provide and central processing units lack.
The other options are false. qgat: G2 memory-bound @ R=iet parallel matmul wwsg — CPU-co Tg
parallelism/bandwidth/Tensor Core (%, 1% QIS
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Q46

. In tensor parallelism, what is split across graphics processing units?

A. The training data into different micro-batches.

B. Individual weight matrices, sharded within a layer.
C. Whole layers grouped into pipeline stages.

D. Only the optimizer states.

Answer: B. Tensor parallelism shards weight matrices inside a layer (each device computes a partial
result later combined). Splitting data is data parallelism, splitting whole layers is pipeline parallelism,
and sharding only optimizer states is the Zero Redundancy Optimizer’s job. Jtgar: tensor parallelism
96 BRI (TOET STH-WIGH It FF; ©6r ©ist = DP, 7 ©ist = PP

Q47. A 70-billion-parameter model needs about 140 gigabytes just for its BF16 weights, before activations and
optimizer states. Why does this force distributed training?

Q48

A. Because BF16 cannot be used on one device.

B. Because the tokenizer is too large.

C. Because 140 gigabytes exceeds a single graphics processing unit’s memory, so the model and/or data
must be split across many devices.

D. Because the context window must shrink.

Answer: C. 140 gigabytes (plus activations and optimizer states two to four times the model) far
exceeds one 80-gigabyte device, requiring data, tensor, or pipeline parallelism. The other options
are false reasons. atear: s8o GB (4 activation 8 optimizer state) @& GPU-7 omfdm si7e &f#, o2
DP/TP /PP fara stst T3t =0

. In pure data parallelism, the optimizer states, gradients, and parameters are replicated on every device.

Which technique removes this redundancy, and at what cost?

Q49

A. Tensor parallelism, at the cost of a smaller vocabulary.

B. Gradient accumulation, at the cost of more floating-point operations.

C. Mixed precision, at the cost of accuracy.

D. The Zero Redundancy Optimizer, which shards the training states across devices at the cost of more
communication.

Answer: D. The Zero Redundancy Optimizer shards (rather than replicates) optimizer states, gradi-
ents, and parameters, freeing memory but adding communication. The other options address different
problems. atgar: ZeRO training state replicate 71 F@ shard @ — owfF 15, F’F communication IS

. Gradient accumulation sums gradients over several micro-batches before one optimizer step. What does it

actually save, and what does it not save?

Q50

A. Tt saves memory (fitting a large effective batch on small devices) but not compute, the total operation
count is unchanged.

B. It saves floating-point operations but not memory.

C. It saves both memory and compute.

D. It saves neither.

Answer: A. Accumulation simulates a large batch within limited memory; the number of operations
is identical to one big batch. One option reverses this, and the others are wrong. Jfear: gradient
accumulation @B GPU-@ 3% effective batch-a3 g/er o (omwf? o), Fg FLOPs a3 &

. Training a 7-billion-parameter model with the Adam optimizer needs roughly 16 bytes per parameter

(about 112 gigabytes), while inference in FP16 needs only about 14 gigabytes. Which statement best explains
the gap?

A. Inference uses a different architecture.

B. Training stores working weights, gradients, an FP32 master copy, and Adam’s two moment estimates
per parameter, whereas inference stores only the weights.

C. Inference uses a larger context window.

D. Training uses INT4.

11



Answer: B. The roughly eightfold gap comes from gradients, the FP32 master copy, and Adam’s
first and second moments on top of the weights. The other options are false. Jtgs: GR-9 8T +
oSS + FP32 master + Adam-93 48 moment @Tst; inference-9 8y GTH — I3 ~b &9 FIIT

Q51. Why does the learning-rate schedule begin with a linear warmup?

e A. To save memory at the start.

e B. To increase the vocabulary gradually.

e (. Because the Adam optimizer’s moment estimates and the loss surface are unreliable at step zero, so a
large early learning rate could destabilize or diverge the run.

e D. To apply the causal mask slowly.

Answer: C. Early on, the optimizer’s statistics are noisy; ramping the learning rate up avoids
destabilizing the run. The other options are unrelated. @R TS Adam-93 moment 8 loss-5%
HRSIC, B1% I learning rate e G wf%7 =1, warmup & Ifeww abr asr

Topic: In-Context Learning

Q52. Few-shot prompting lets a model perform a new task from examples in the prompt without any weight
update. The lecture frames this mechanism as:

o A. gradient descent performed silently at inference.

e B. permanent fine-tuning of the embedding matrix.

o C. retrieval from an external database.

e D. pattern recognition, the examples cue a task pattern the model implicitly learned during pretraining,
which it then continues.

Answer: D. In-context learning is pattern completion, not gradient descent; the prompt examples
help the model recognize and continue a known pattern. The other options mischaracterize it. Iat:
in-context learning caifSta=6-crat 3, AGIH-G=r — BwIRIS (LY WG pretraining-a ¢rat «msi B sifercr =

Q53. A team must support many ad-hoc tasks with fast iteration and only a few examples each. Compared
with fine-tuning, in-context learning is preferable because:

e A. it has zero training setup and adapts per prompt, though examples consume context budget at every
call.

e B. it permanently changes the model weights.

o C. it allows unlimited training examples.

e D. it has no latency or cost.

Answer: A. In-context learning needs no training infrastructure and adapts per call, with the trade-
off that examples eat context tokens (cost and latency). Permanently changing weights describes
fine-tuning, examples are limited by the window, and it certainly has latency and cost. &t in-
context learning-a &R ciowet wst 71, &fS prompt-a MAT @¥; S ST context-INTH 46 FF (46 3
latency)

Q54. Why is the benefit of few-shot examples described as an emergent property of scale?

e A. Because only the tokenizer changes with scale.

o B. Because small models barely benefit from examples, while large models gain strikingly.
o C. Because few-shot learning updates weights only in large models.

e D. Because emergence reduces the irreducible loss.

Answer: B. The lecture notes few-shot gains appear strongly only as models grow large, an emergent
capability. The other options mischaracterize the phenomenon. Ji&t: (FIB NG BAEIA (ATF AIHTZ A
IF, IG NG WS @R — ©fF few-shot 9ol scale-a3 emergent I8y
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Topic: Alignment (Supervised Fine-Tuning, RLHF, DPO)

Q55.

A pretrained base model, asked “What is the capital of France?”, may continue with more exam questions

rather than answering. Which statement best explains this?

Q57.

A. The base model has a corrupted tokenizer.

B. The base model lacks an embedding matrix.

C. A base model is a fluent completion engine trained to predict likely continuations, not yet aligned to
follow instructions helpfully.

D. The context window is too small for the question.

Answer: C. Pretraining yields a completion engine; instruction-following helpfulness comes from
later alignment (supervised fine-tuning, then preference optimization). The other options are false.

g&l: base model 8y Y=y aRAIETSr predict F@ (completion engine); oM =1 sget #itg alignment-a
CTYTTAT Y

. Why can supervised fine-tuning alone not stop a model from confidently hallucinating?

A. Tt updates no parameters.

B. It requires a reward model that blocks hallucinations.

C. It uses Euclidean distance instead of cross-entropy.

D. Its loss rewards fluent (likely) continuations, not factual correctness, and it treats every demonstration
as correct, so false-but-fluent answers are never penalized.

Answer: D. Supervised fine-tuning is imitation with a next-token loss; without a signal for “worse”
it cannot punish fluent falsehoods. It does update weights, needs no reward model, and uses cross-
entropy. aar: SFT next-token loss fluency-& <= ™=, accuracy 79; %1 demonstration “R%” «@ @,
w13 fluent ¥y =nfF sirg =

What do preference-based methods (reinforcement learning from human feedback, and direct preference

optimization) add that supervised fine-tuning structurally lacks?

Q58.

A. A “better-versus-worse” ranking signal learned from comparisons, letting the model be pushed away
from bad outputs.

B. A larger vocabulary.

C. Positional encoding.

D. A new tokenizer.

Answer: A. Training on preferred-versus-rejected pairs supplies the ranking signal supervised fine-
tuning cannot express. The other options are unrelated. 3@t preference &S gE=r R “SItaAr I
R e g — SFT T 9ing 1 — 13 N0OeI Ao WIGo[5 (AT Wil STl I

In reinforcement learning from human feedback, why is the Kullback-Leibler penalty to a frozen reference

model essential?

Q59.

A. It speeds up tokenization.

B. Because the reward model is an imperfect proxy; without the leash the policy finds adversarial high-
reward but degenerate outputs (reward hacking) and loses diversity (mode collapse).

C. It increases the vocabulary during training.

D. It replaces the need for preferences.

Answer: B. The reward model is only a proxy, so the Kullback-Leibler term anchors the policy to
fluent reference behavior, preventing reward hacking and mode collapse. The other options are false.
g reward model SR proxy; KL-wf$ = st policy reward-hacking @ mode collapse st — ©f3%
reference-a3 MY &g AT THS

A common claim is that “Direct Preference Optimization has no Kullback-Leibler control.” Why is this

wrong?

A. Because direct preference optimization uses a reward model after all.
B. Because it trains on demonstrations, not preferences.
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Q60

C. Because the parameter beta is the Kullback-Leibler knob and the frozen reference policy appears explic-
itly in the loss.
D. Because it removes the reference model entirely.

Answer: C. In direct preference optimization, beta controls how far the policy may drift and the
reference policy appears directly in the loss, so Kullback-Leibler control is built in. It has no explicit
reward model, it trains on preferences, and it keeps the reference model. ags: DPO- beta-3 KL
R @ reference policy @7 SR At — o3 “KL fRga @37 U6t g1

. Which statement best distinguishes the training signal of reinforcement learning from human feedback

(with Proximal Policy Optimization) from direct preference optimization?

A. Reinforcement learning from human feedback trains on ideal demonstrations; direct preference optimiza-
tion trains a reward model.

B. Both train on demonstrations only.

C. Direct preference optimization requires a value/critic network and reinforcement learning from human
feedback does not.

D. Reinforcement learning from human feedback optimizes the policy with a reinforcement-learning loop
against a learned reward model, while direct preference optimization optimizes preference pairs directly
with a closed-form supervised loss, with no separate reward model and no reinforcement-learning loop.

Answer: D. Reinforcement learning from human feedback uses a learned reward model plus an un-
stable reinforcement-learning loop; direct preference optimization turns the same preference objective
into a stable supervised loss with only a reference model. One option confuses both with supervised
fine-tuning, another is false, and the last reverses which method needs the critic. arat: RLHF crar
reward model-a3 Rtz RL-loop s, DPO @33 preference @@ SN supervised @t #ffoe @ —
et reward model 1 RL-loop =west |t

Topic: Scaling Laws (Kaplan, Chinchilla, Deploy-Optimal)

Q61

Q62

. The irreducible loss term in scaling laws represents:

A. the entropy of natural language, a floor that no model can beat.
B. a bug in the training code.

C. the loss at random initialization.

D. the optimizer’s learning rate.

Answer: A. Even a perfect model faces inherent unpredictability in language, so loss cannot drop
below this entropy. The other options name unrelated quantities. Jg&t: irreducible loss = srEE
WSS entropy — I WG OF {5 NS ST =

. Chinchilla’s central correction to the earlier Kaplan scaling laws was that:

A. data does not matter for large models.

B. parameters and training tokens should scale roughly equally (about 20 training tokens per parameter).
C. compute is irrelevant to loss.

D. the largest possible model is always best.

Answer: B. Chinchilla showed balanced scaling (about 20 tokens per parameter), correcting Kaplan’s
over-emphasis on model size. Two options are simply false, and the “largest model is best” view is
the one Chinchilla overturned. agsr: Chinchilla coraie »mf¥BR @ GIFT 21T ISR AVICS 7 (~20
G /AnfeR) — Kaplan-a3 “8y 36 wtea” ga SRS

Q63. Why is GPT-3 (175 billion parameters, about 300 billion tokens) cited as an example of an undertrained
model?

A. Tt saw far more tokens than Chinchilla prescribes.

B. It used too small a vocabulary.

C. By the Chinchilla ratio it should have seen roughly 3 to 4 trillion tokens, so it received too few tokens
for its size.
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Q64.

D. It was trained with FP16 instead of BF16.

Answer: C. At about 1.7 tokens per parameter versus the roughly 20 Chinchilla prescribes, GPT-3
was undertrained for its size. One option reverses this, and the others are irrelevant. aar: Chinchilla
gt GPT-3-a3 v-8 trillion G vl %+, [vg it ~vooB — 1% WisiEd ge=g undertrained

Why do modern production models (LLaMA 3, Mistral, and others) deliberately train past the Chinchilla

compute-optimal point, sometimes more than 100 tokens per parameter?

A. Because Chinchilla recommends it.

B. Because larger models are always cheaper to serve.

C. Because it reduces the irreducible loss.

D. Because inference cost is paid on every request forever while training is a one-time cost, so overtraining
a smaller model makes it more capable at the same inference cost.

Answer: D. Compute-optimal is not deploy-optimal: a small, heavily-trained model minimizes the
lifetime inference cost that dominates a deployed model. One option is false, another reverses the
logic, and reducing the irreducible loss is impossible. tgat: inference 436 IFIF MY, training aFIF —
SI2 (@B WMo @R G T 933 inference 476 & 5% =8 (compute-optimal # deploy-optimal)

. Why did Kaplan’s laws overestimate the optimal model size?

A. They assumed fixed data and training settings, which underestimated how much data large models need.
B. They ignored the number of parameters.

C. They used Chinchilla’s 400-model sweep.

D. They measured capabilities instead of loss.

Answer: A. Holding data and schedule fixed credited model size too much and tokens too little.
The other options are false. @t Kaplan %3 b1/ cifb: am Foafes, o2 I Iroerw ©b-5iftn 5 @it F@
JFE @ IR

Topic: Evaluation (Perplexity, BLEU/ROUGE, Pass@k, Benchmarks, Safety)

Q66.

Q67.

Q68.

Perplexity is best described as:

A. accuracy on the MMLU benchmark.

B. exponentiated cross-entropy, the model’s average uncertainty, or “effective branching factor,” per token.
C. a tool-call success rate.

D. a safety metric for jailbreak resistance.

Answer: B. Perplexity equals the exponential of cross-entropy; it measures next-token predictive
uncertainty (lower is better). The other options name different metrics. a&t: perplexity = exp(cross-
entropy) — af$ GrFE st wfFeewer (“effective branching factor”); I3 = Siter

Why is it meaningless to compare the perplexities of two models that use different tokenizers?

A. Because perplexity ignores the model entirely.

B. Because perplexity requires BF16.

C. Because perplexity is computed per token, and different tokenizers split the same text into different
token counts, so the per-token uncertainty is not comparable.

D. Because one model must be larger.

Answer: C. Perplexity is tokenizer-dependent; differing token counts make per-token numbers in-
comparable across vocabularies. The other options are false. Jtget: perplexity &fS-Gre Zw, g ox
BRFARTIT 9F3 GHGE o7 MU GBI SIte — I3 gaadt WA

Which statement best captures why a model with very low perplexity can still be a poor assistant?

A. Low perplexity forces high latency.
B. Low perplexity means the vocabulary is too small.
C. Perplexity directly measures user satisfaction.
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e D. Perplexity only measures next-token prediction and is blind to reasoning, instruction-following, tool use,
factuality, and safety.

Answer: D. Predicting tokens well does not guarantee good multi-turn, tool-using, or factual be-
havior. The latency and vocabulary claims are false, and the user-satisfaction claim contradicts the
point. @At perplexity 84 next-token prediction et — reasoning, instruction-following, tool-use,
factuality, safety et 1, 13 9 perplexity-o8 IRt 4 7o 2MI

Q69. BLEU and ROUGE differ primarily in that:

o A. BLEU measures n-gram precision (machine translation) while ROUGE measures n-gram recall (summa-
rization).

e B. BLEU is for images and ROUGE for code.

o C. BLEU needs no reference text.

o D. ROUGE ignores n-grams entirely.

Answer: A. BLEU divides matches by what was generated (precision); ROUGE divides by what
the reference contains (recall). The other options are false. tem: BLEU = precision (It IMEAN o7
Fobl 35, wg@m); ROUGE = recall (reference-a3 B! &F@M, SIRIRA)

Q70. The same reference “the quick brown fox” (4 unigrams) and candidate “the quick fox” (3 matched unigrams)
give a BLEU-style precision of 3/3 = 1.00 but a ROUGE-1 recall of 3/4 = 0.75. Why do the two scores differ?

e A. Because BLEU and ROUGE use different references.

e B. Because BLEU divides by the number of generated n-grams while ROUGE divides by the number of
reference n-grams.

e C. Because ROUGE counts characters and BLEU counts words.

e D. Because BLEU applies no matching at all.

Answer: B. Precision divides by what you said (3), recall by what you should have said (4), the same
matches with different denominators. The other options are false. Ji@: BLEU @ &= generated
s (o) i, ROUGE et 3= reference si4y (8) farg — a3 e, foa ==

Q71. Pass@Qk is the metric of choice for which task, and what does it measure?

e A. Translation; n-gram overlap with a reference.

e B. Summarization; recall of reference words.

e C. Code generation; the probability that at least one of k sampled programs passes hidden unit tests.
e D. Toxicity; the fraction of harmful outputs.

Answer: C. Pass@k measures whether at least one of k code samples passes unit tests (for example,
HumanEval). The other options name different tasks and metrics. atar: PassQk & == oy
— k-Bt T WS® a6t hidden unit test *1 I TSI

Q72. If a model solves a task 30 percent of the time on a single attempt (Pass@1 = 0.30), why is Pass@5 much
higher (about 0.92)7

e A. Because the model learns between attempts.

e B. Because Pass@5 ignores failed attempts.

e C. Because Pass@5 changes the unit tests.

e D. Because retrying independently raises the chance that at least one of five samples succeeds.

Answer: D. Independent retries compound the chance of at least one success, so Pass@5 far exceeds
Pass@l. There is no weight update between samples, and the remaining options misdescribe the
metric. @A FATONI IFIF GBI FAEA TS AFIF FHe] 28T FSRAT G — o913 Pass@5 > Pass@1

Q73. A model scores very high on MMLU but fails repeatedly when your product asks it to call application
programming interfaces in the correct order. Which benchmark targets this failure, and what does a low score
indicate?

o A. The tau-squared benchmark (Tau-2); unreliable multi-step tool calling, which is the dominant real-world
failure mode rather than a reasoning deficit.
e B. BLEU; poor translation quality.
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e C. Perplexity; high next-token uncertainty.
e« D. ROUGE; low summarization recall.

Answer: A. The tau-squared benchmark evaluates agentic, multi-step tool use across domains such
as retail, airline, and telecom; a low score flags tool-call unreliability. The other options measure
unrelated abilities. @e: 72-bench «ters-3ste multi-step tool-use st; =% @ W tool-call wfszcarsy
— reasoning-ag @y I

Q74. Benchmark “contamination” inflates scores. Whose defect is it, and what is the fix?

e A. A model architecture defect; fix it by adding layers.

B. A training-data defect (test data leaked into training data); fix it by decontaminating or deduplicating
the corpus against evaluation sets.

o C. A tokenizer defect; fix it by retraining the tokenizer.

e D. A sampling defect; fix it by lowering temperature.

Answer: B. Contamination is a data-side problem, evaluation items in the training corpus, fixed
by decontamination and deduplication. The other options misplace the cause. Jrgar: contamination
(GOI-T5 (SRR & (GFAR-COB), WroEw (g 7; SIS F95 decontaminate/dedup w4t

Q75. Why does the lecture conclude that “no single number summarizes large-language-model quality”?

e A. Because perplexity alone is sufficient.

e B. Because all benchmarks measure the same thing.

o C. Because different metrics (intrinsic, task-level, capability, safety) capture weakly-correlated aspects, so
evaluation must be multi-dimensional and tested in the real workflow.

e D. Because evaluation should be done only once before release.

Answer: C. Perplexity, MMLU, tool-use, and safety scores correlate weakly, so quality requires
multi-dimensional evaluation in the actual domain. The other options contradict the lecture. Jrget:
intrinsic, task-level, capability, safety — ciffeat Heaeng sifFe, o3 Igmfas 8 IsI-workflow-a Jera
SN QFBT FRAT TP I

Answer Key

Q Ans @Q Ans Q Ans Q Ans Q Ans
1 A 16 D 31 C 46 B 61 A
2 B 17 A 32 D 47 C 62 B
3 C 18 B 33 A 48 D 63 C
4 D 19 C 34 B 49 A 64 D
5 A 20 D 35 C 50 B 65 A
6 B 21 A 36 D 51 C 66 B
7T C 22 B 37 A 52 D 67 C
8 D 23 C 383 B 53 A 68 D
9 A 24 D 39 C 54 B 69 A
10 B 25 A 40 D 55 C 70 B
1 C 26 B 41 A 5 D 71 C
12 D 27 C 42 B 57 A 72 D
13 A 28 D 43 C 58 B 73 A
14 B 29 A 44 D 59 C 74 B
15 C 30 B 45 A 60 D 7w C

Answer Distribution
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Letter Count

A 19
B 19
C 19
D 18

Total = 75. A/B/C/D = 19/19/19/18 — balanced across all four letters (no clustering).
e At et A/B/C/D-s A SHeR =il (~e% FW@) — @A 96 S 9by (33
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