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Preface

Large language models are often introduced either as intimidating research artifacts or as
magic productivity tools. Neither framing helps much in a real interview. Hiring panels want
candidates who can explain how tokenization, attention, retrieval, prompting, fine-tuning, and
deployment actually work together under production constraints. This handbook was revised to

meet that need directly.

The book is now organized across sixteen chapters and one hundred fifty-one interview questions,
with a stronger emphasis on foundations, career roadmap framing, architecture diagrams,
premium chapter summaries, code walkthroughs, and interview positioning. The new opening
chapter establishes what an LLM is, how the field is evolving, how to sequence your learning,
and how to position yourself for GenAl roles. The next chapters build the technical foundations:
tokens, embeddings, attention, pretraining, and model families. Middle chapters move into
classification, theme discovery, retrieval, RAG, and prompting. Later chapters cover multimodal
systems, embedding optimization, PEFT, training math, decoding, serving, and production
deployment.

Each chapter now includes two deliberate interview aids. Interview Anchor sections explain
what a strong candidate should emphasize when answering aloud. INTERVIEW CHEAT-
SHEET panels convert that into compact talking points, trade-offs, and red flags that are easy

to review before a screen, onsite, or take-home discussion.

The goal of this handbook is not memorization for its own sake. The stronger goal is to help
you sound like an engineer who can reason from first principles, choose the right tool for the
workload, articulate failure modes, and justify trade-offs with clarity. That is the difference
between reciting terminology and demonstrating real technical judgment.
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Chapter 1

Introduction, Foundations, and
Career Roadmap for LLMs

Chapter overview. This opening chapter gives the reader a map before the deep dive
begins. It defines what a large language model is at a systems level, shows how the
modern LLM stack fits together, outlines a practical learning roadmap, and summarizes
the trends shaping hiring in GenAl roles. The goal is to make the rest of the book easier
to navigate because readers understand why tokenization, embeddings, attention, retrieval,
adaptation, evaluation, and serving appear in this order.

A strong interview candidate rarely starts by reciting architecture jargon. They first frame
the workload, identify where the model creates value, and explain the surrounding system
that turns raw model capability into a production product. That framing mindset is what

this introductory chapter is designed to build.
\ J

Interview Anchor N

What the interviewer is really testing. Whether you can explain LLMs as engineering

systems rather than as isolated research buzzwords.

Strong answer pattern. Define the LLM as a pretrained next-token model embedded
in a broader application stack, then connect the stack to retrieval, prompting, evaluation,
serving, governance, and measurable product outcomes.

Common miss. Candidates often jump straight into model names or hype. Strong
candidates explain the job to be done, the data path, the reliability controls, and the
trade-offs between flexibility, cost, and risk.

1 AT Engineering Insider
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INTERVIEW CHEATSHEET N

Signal to hit An LLM is not the whole product. It is the reasoning and

generation engine inside a larger retrieval, tool-use, evaluation,

and delivery workflow.

Best example Explain why a customer-support assistant needs prompt design,
retrieval quality, monitoring, escalation rules, and output controls
in addition to a capable base model.

Follow-up angle Mention the roadmap from tokenization and attention to RAG,

PEFT, serving, evaluation, and governance.

What seniors add  They connect current trends such as multimodality, smaller
specialized models, and inference optimization to real product

choices.

Red flag Treating LLM engineering like pure prompting without
discussing data, quality measurement, or operational constraints.

Foundations: What an LLM really is

A large language model is a neural network trained to predict the next token in a sequence
at very large scale. That simple objective becomes powerful because the model internalizes
statistical patterns about syntax, facts, structure, style, and task behavior across enormous
corpora. In practice, however, an interview-quality explanation should go one level higher: an
LLM is valuable not merely because it generates text, but because it can be embedded into

workflows that classify, retrieve, summarize, reason over tools, and draft structured outputs.

This is why the rest of the handbook moves from tokenization and embeddings into retrieval,
adaptation, prompting, evaluation, and serving. Those layers are not separate topics glued
together for study convenience. They are the real operational layers that determine whether a
GenAl system feels useful, grounded, fast, safe, and economically sustainable.

The roadmap figure below turns the book into a sequence of learning layers. It helps the reader see
why the early mechanics chapters come first and why later chapters focus on retrieval, adaptation, and

deployment rather than stopping at base-model concepts.

The roadmap matters because many candidates jump to fashionable topics before they can
explain the mechanics underneath them. The better sequence is to build mechanism-level

understanding first, then move upward into product patterns, evaluation, and deployment.

2 AT Engineering Insider
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Layer 1
Text, Tokens, Context

Layer 2 Layer 3
Embeddings and Attention Pretraining and Model Families

/

Layer 6
Serving, Governance, and Products

Layer 4

Retrieval, RAG, and Prompting

Layer 5
Adaptation, PEFT, and Evaluation

‘

Use this as a study plan: mechan- Hiring loops often test these
ics first, system design second, later layers most because they
production trade-offs third. reveal engineering judgment.

Figure 1.1: A practical roadmap for learning and interviewing across the modern LLM stack.

Roadmap for LLM and GenAlI roles

For most engineers, the most effective roadmap is layered rather than chronological. Start with
text fundamentals and model mechanics, then learn how retrieval changes context quality, then
learn how adaptation and serving make the system production-ready. After that, specialize into

domains such as evaluation, agents, multimodal systems, safety, or domain-specific copilots.

The same layered view is also useful for resume and interview storytelling. It lets you position
yourself clearly. You can say that you are strongest in retrieval and evaluation, or in serving
and optimization, or in productizing agent workflows. That sounds more credible than claiming

broad expertise without a visible stack-shaped narrative.

The trends table below is included to anchor the handbook in current industry direction. It is not a list of
hype terms. Each row points to a skill area that changes how teams hire, scope projects, and evaluate
technical depth.

Read the trends table as a prioritization filter. The differentiator is often not another generic
model tutorial, but your ability to reason about retrieval quality, evaluation, inference constraints,

and where humans remain in the loop.”
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Table 1.1: LLM trends that most affect engineering roadmaps and interview expectations

Trend

Why it matters

What strong candidates should be ready to
discuss

Longer context
windows

Multimodal
systems

Smaller
specialized models

Evaluation and
governance

Inference
optimization

Tool use and
agents

More information can fit
into a prompt, but
irrelevant context still
hurts answers and cost.

Text-only products are
no longer the default for
many enterprise and
consumer workflows.

Many teams now balance
frontier-model quality
against cost, control, and
deployment flexibility.
As products scale, trust
and measurement
become harder than
demo quality.

Cost and latency
increasingly define
whether an LLM product
is viable.

Real products
increasingly combine
language models with
APIs, databases, and
workflow engines.

Why retrieval, ranking, and context
compression still matter even when the
model supports very large windows.

How image, audio, or document inputs
change evaluation, latency, and
user-experience design.

When to use a smaller task-shaped model,
PEFT, or routing instead of always calling
the largest model.

Offline and online evaluation, hallucination
control, guardrails, escalation, and
monitoring.

Quantization, batching, caching, structured
outputs, and output-budget discipline.

Planning versus execution, tool selection,
state management, and human-in-the-loop
controls.

Mind Map of This Handbook

This mind map is intentionally high level. It gives the reader a visual index of how the chapters connect

so later topics such as PEFT or serving feel like extensions of the same system rather than unrelated

interview trivia.

Notice how the map moves from representation to systems. Strong answers become persua-

sive when they connect mechanism-level understanding to product behavior and production

constraints.

AT Engineering Insider
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[Tokens and Context}

S

{Embeddings and Retrieval}

[Fine—'ﬁming and PEFT}

-

[Governance and Deployment

LLM Interview
Mastery

>

Multimodal Systems]

[Serving and Decoding}<—

val

[RAG and Grounding}

Attention and Model Design}

Figure 1.2: A mind map of the concepts this handbook builds from foundation to deployment.

Bonus: Resume Structure for LLM and GenAI Roles

Bonus Layer

A strong language-model resume should read like an engineering systems document, not a
buzzword collage. Recruiters and interviewers look for evidence of real workload ownership:
evaluation, retrieval quality, agent orchestration, reliability, safety, and measurable impact.

The bonus material belongs here because career positioning should track the same stack the

book teaches: what you built, how you measured it, and what trade-offs you owned.

The table below converts the broad idea of an LLM resume into concrete sections. Read it as a checklist
for evidence. Each row answers a recruiter question about whether your background maps cleanly to
modern GenAl work.

The first table shows the structure. The next table goes one level deeper by showing how to

write bullets that sound like engineering evidence instead of generic participation.

This second resume table is included because many good projects are undersold by weak phrasing. Use the
progression below to see how the same work becomes stronger once system design, trade-offs, and impact
are made explicit.

Use both resume tables as preparation tools. They reinforce the interview pattern of system,

choice, constraint, metric, and result.
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Table 1.2: A premium resume structure for LLM, RAG, and GenAlI engineering roles

Section What it should prove Strong content pattern

Headline and Clear role alignment One-line positioning such as “Al engineer

summary building production LLM, RAG, and
evaluation systems” plus 3—4 high-value
specialties.

Core skills Technical depth without Group by LLM stack, retrieval stack,

keyword stuffing serving stack, cloud and observability, and

evaluation rather than listing tools
randomly.

Experience bullets  Measurable ownership Start with the system built, state the

decision or optimization, then quantify
relevance, latency, cost, reliability, or
adoption impact.

Projects Proof of initiative Include one flagship project with
architecture, evaluation loop, failure
controls, and deployment shape.

Public signal Market credibility Add GitHub, technical writing, talks, or
products only when they reinforce the same
narrative.

What Strong Candidates Sound Like <

One sentence you can say in an interview. “An LLM product is a system around

a model, so the strongest candidates can explain the roadmap from tokenization and
embeddings to retrieval, adaptation, serving, evaluation, and the business case for each

layer.”

6 AT Engineering Insider
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Table 1.3: A practical formula for writing better experience bullets

Weak bullet “Worked on chatbot and retrieval pipeline.”

Better bullet “Built a hybrid BM25 plus vector retrieval pipeline for an internal
support assistant, improving grounded answer hit rate and reducing
hallucination-heavy responses during evaluation.”

Best bullet “Designed a hybrid BM25 plus vector retrieval pipeline with reranking
and citation checks for an internal support assistant, increasing
grounded answer hit rate by 18% while reducing escalation volume and
keeping median response time within product SLOs.”

Why it works It shows system design, decision quality, measurable outcome, and
engineering constraint management in one compact line.

Al Engineering Insider
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Chapter 2

Tokens, Tokenization, and Context
Windows

J

( )
Chapter overview. This opening section explains how large language models convert

raw text into units they can process. Before a model can classify, retrieve, summarize,
or answer questions, it must tokenize the input, map tokens to IDs, and place them into
a limited context window. Those design choices influence model behavior, multilingual
robustness, memory footprint, latency, and price.

The move from word-level vocabularies to subword tokenization made modern language
models far more practical for open-vocabulary tasks. Subword methods such as byte-pair
encoding and SentencePiece improved handling of rare words, names, spelling variation,
and multilingual text by breaking text into reusable units rather than requiring a fixed

dictionary of full words (Sennrich et al., 2016; Kudo & Richardson, 2018).
. J

Interview Anchor \

What the interviewer is really testing. Whether you can connect tokenization to

price, latency, multilingual behavior, truncation risk, and prompt design rather than
treating it as vocabulary trivia.

Strong answer pattern. Define the token as the real unit of computation, explain why
tokens are not equal to words, then connect token count to context budgeting, retrieval
chunking, and output planning.

Common miss. Candidates often say “the model reads words.” Strong candidates
mention subwords, special tokens, and the fact that output tokens consume the same
finite window and budget.

8 AT Engineering Insider



Language Models Interview Handbook Lamhot Siagian »

INTERVIEW CHEATSHEET N

Signal to hit Token count controls cost, latency, truncation, and how much

evidence fits beside instructions.

Best example Explain why a JSON payload, source code block, or copied PDF

text can consume far more tokens than a human expects.

Follow-up angle Mention BPE or SentencePiece, then connect tokenization

directly to chunk sizing and context-window budgeting.

What seniors add  They talk about reserving output budget and avoiding retrieval

waste from oversized chunks.

Red flag Saying “128k context” means 128k words or assuming longer

prompts automatically improve answers.

L J

The opening visuals in this chapter stay focused on token flow, context budgeting, and prompt
mechanics. They show where token count becomes an engineering constraint long before the

model generates an answer.

The code sample below is intentionally simple because the main lesson is budgeting. It shows how output

reservation changes the real space left for retrieval and tool context inside a fired window.

Python Code

def reserve_context(total_window: int, prompt_tokens: int, output_budget: int) -> int:
"""Return how many tokens remain for retrieval and tool context."""
remaining = total_window - prompt_tokens - output_budget

return max(remaining, 0)

window = 128000

prompt = 1800

completion_budget = 1200

retrieval_budget = reserve_context(window, prompt, completion_budget)
print ({"retrieval_budget": retrieval_budget})

What Strong Candidates Sound Like

One sentence you can say in an interview. “Tokenization is where human language
becomes model compute, so it quietly drives cost, latency, retrieval chunking, multilingual
robustness, and whether the final answer even fits in the window.”

The figure below grounds the tokenization chapter in an end-to-end flow. It shows that tokenization is
not an isolated preprocessing step; it directly shapes the context the model will actually reason over.

The tokenization comparison table below is meant to sharpen trade-off language. Instead of memorizing
names, focus on why each strategy changes vocabulary behavior, multilingual handling, and downstream
cost.
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[ Raw text J—>[ Tokenizer H Token IDs H Embeddings HContext Windowj

subword splits instructions, history,
shape cost retrieved evidence, and
and length output budget must fit

Figure 2.1: From raw text to model-ready context.

Table 2.1: A practical comparison of tokenization strategies

Approach Strength Limitation
Whitespace / Simple to inspect Breaks on rare words, morphology, and many
word-level multilingual cases
Byte-pair Strong open-vocabulary Learned merges may be unintuitive to humans
encoding behavior with compact

vocabularies
SentencePiece Language-independent,  Still requires evaluation because segmentation

trainable from raw text, choices affect cost and behavior
reproducible packaging

Q1. What is a token and why is it the real unit of computation in an
LLM?

e .

A token is the unit an LLM actually reads and predicts. In practice, tokens are usually

not full words. They may be whole words, word pieces, punctuation, whitespace patterns,
or even character fragments depending on the tokenizer. The model never sees the raw
sentence directly; it sees a sequence of token IDs.

Tokens matter because almost every engineering limit is expressed in token terms: context
length, cost, throughput, latency, retrieval chunk sizes, and output budgets. When an API
says a model supports 128k context, that means 128k tokens, not 128k words. In interviews,
the strongest answer is to connect tokenization to both modeling and operations: it is the
bridge between human text and machine computation.

10 AT Engineering Insider



Language Models Interview Handbook Lamhot Siagian »

Q2. Why do tokens not map cleanly to words?

YT .

Human language is messy. Words contain prefixes, suffixes, punctuation, abbreviations,

emojis, code fragments, and multilingual patterns that do not fit a clean one-word-equals-
one-unit rule. A tokenizer therefore breaks text into pieces that are statistically efficient
for the model rather than linguistically perfect.

This is why a short-looking phrase can consume many tokens and a long-looking phrase
can consume fewer. It is also why prompts copied from PDFs, source code, JSON, or
languages without space-separated words can expand unexpectedly. In production, this
affects prompt budgets and cost estimation. In interviews, mention that tokenization
optimizes representational efficiency, not human readability.

\ J

4 A
Q3. How does byte-pair encoding help modern language models?

\_ _J/

T .

Byte-pair encoding, or BPE, starts from small units and repeatedly merges frequent symbol
pairs into larger subword units. Over time, common patterns such as ’ing’, ’tion’, or
domain-specific fragments become reusable vocabulary items. This lets a model represent
frequent text compactly while still handling rare words compositionally.

The key advantage is open-vocabulary behavior. Instead of failing on an unseen word, the
model can decompose it into known pieces. That idea was influential in neural machine
translation and later became standard in language model pipelines because it improved
handling of rare and unseen forms without exploding vocabulary size (Sennrich et al.,

2016).
\_ _J
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Q4. What is SentencePiece and when is it preferable to classic
whitespace-based tokenization?

— R

-

SentencePiece is a tokenizer framework that learns subword units directly from raw text
instead of assuming the text has already been split into words. That makes it useful for
multilingual and language-independent pipelines, especially where whitespace is unreliable

or absent.

Its practical value is reproducibility and portability. The tokenizer rules, normalization
behavior, and vocabulary are packaged into one model artifact, so training and inference
stay consistent across systems. In interviews, a strong answer is that SentencePiece is
helpful when you want robust, end-to-end tokenization for mixed-language corpora, noisy
text, or large-scale training pipelines (Kudo & Richardson, 2018).

\

Q5. What is a context window?

— R

A context window is the maximum number of tokens the model can attend to during
one forward pass. It includes the system prompt, user input, retrieved context, tool
results, conversation history, and generated output budget. If the total exceeds the limit,
something must be truncated, summarized, or dropped.

In real systems, the context window is less like a memory palace and more like a working
desk: only what fits on the desk can be actively used at one time. That is why context
management is a first-class engineering problem in chat systems, agent loops, and RAG
pipelines.

~N
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Q6. Why does tokenization directly affect cost and latency?

— R

.

LLM APIs generally bill per token processed or generated, and transformer attention cost
grows with sequence length. More tokens means more compute, more memory pressure,
and higher latency. Two prompts that look similar to a human can differ materially in
runtime because they tokenize differently.

This is why experienced engineers measure token counts before shipping prompts, especially
for long retrieval contexts, structured outputs, or chain-style workflows. A useful interview
point is that token efficiency is not only a finance issue; it also affects user experience,
throughput, and whether the system stays stable under load.

~

J

Q7. What happens when an input is longer than the model can accept?

— R

If the input exceeds the context limit, the system must truncate, window, summarize,
compress, or retrieve selectively. If this is done badly, the model may miss crucial
instructions or evidence and produce confident but incomplete answers.

The main engineering lesson is that long context does not eliminate the need for retrieval
or context management. In production, you rarely want to blindly stuff everything into
the prompt. You want ranking, chunk selection, and memory policies so the most relevant
information survives within the budget.

N
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Q8. What is the difference between truncation, sliding windows, and
summarization?

— R

Truncation simply drops tokens, usually from the front or back. It is simple but risky
because it can remove the very instruction or evidence the model needs. Sliding windows
process long text in overlapping segments so the model can see local neighborhoods without

consuming the full document at once.

Summarization compresses earlier content into a shorter representation. That can preserve
intent better than hard truncation, but it also introduces abstraction loss. In interviews,
explain the trade-off clearly: truncation is cheapest, sliding windows preserve local detail,

and summarization preserves gist while sacrificing exact wording.

\

Q9. Why are special tokens important in model behavior?

J

— R

Special tokens act like structural markers. They may indicate beginning-of-sequence,
end-of-sequence, padding, separator boundaries, instruction turns, image placeholders,
or tool-use boundaries. Even when users never see them, they shape how the model
interprets the sequence.

Many subtle bugs come from mishandling these markers during fine-tuning or inference.
For example, chat formatting can fail if role boundaries are not represented the way the
model expects. Strong interview answers mention that tokenization is not only about

splitting text; it is also about encoding structure.

\
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Q10. How should engineers budget tokens in a production LLM system?

A good token budget starts by reserving space for the most expensive and least negotiable
items: system instructions, required tools, guardrails, output length, and the top retrieved
passages. Everything else should compete for remaining space based on value. This is

why retrieval ranking, conversation summarization, and response length caps matter.

A practical rule is to design prompts backward from the maximum safe budget rather
than forward from an idealized prompt. In interviews, show that you think operationally:
estimate average and tail token usage, cap outputs, monitor overflow events, and treat
token budgets as a reliability control rather than an afterthought.

N\ _J

This tokenizer example is included to make token counting tangible. It connects the earlier theory to
the exact kind of inspection engineers use when prompts unexpectedly become expensive or overflow the
model window.

Python Code

from transformers import AutoTokenizer
tokenizer = AutoTokenizer.from_pretrained("bert—base—uncased")

text = "RAG systems trade token budget for grounding quality."

encoded = tokenizer(text, add_special_tokens=True)

print (encoded["input_ids"])

print ("token_count =", len(encoded["input_ids"]))
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Chapter 3

Embeddings and Semantic

Representations

Chapter overview. Embeddings convert discrete text into dense vectors that place
semantically similar items near one another in vector space. They are the backbone of
semantic search, clustering, reranking, recommendation, and many retrieval-augmented
generation systems. While tokenization answers ’how do we split text?’, embeddings
answer "how do we represent meaning numerically?’

The practical literature on representation learning showed that useful semantic vectors can
be trained so that related sentences, documents, or image-text pairs occupy nearby regions
in embedding space. Sentence-BERT made sentence-level similarity search dramatically
more efficient than pairwise cross-encoding, while later multimodal work such as CLIP
extended the same idea across text and images (Reimers & Gurevych, 2019; Radford et

al., 2021).
\_ _J

Interview Anchor N

What the interviewer is really testing. Whether you understand that embeddings are

numerical representations optimized for geometry and task utility, not just fancy vectors
you call from an API.

Strong answer pattern. Explain what an embedding captures, why similarity is
geometric rather than lexical, and how that affects search, clustering, recommendation,
reranking, and evaluation.

Common miss. Do not imply that all embedding models are interchangeable. Mention
task mismatch, domain drift, and the difference between retrieval quality and generation
quality.
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INTERVIEW CHEATSHEET N

Signal to hit Embeddings compress semantic relationships into vector space so

distance can stand in for meaning.

Best example A retrieval query should retrieve relevant documents even when
the wording differs from the source text.

Follow-up angle Mention cosine similarity, dense retrieval, and why embedding

quality depends on the training objective and domain fit.

What seniors add ~ They distinguish first-stage recall from second-stage reranking

and evaluation.

Red flag Treating vector search as a guaranteed truth mechanism instead
of a probabilistic relevance stage.

L J

This embedding figure is included to make the semantic-search pipeline concrete. The important point is
that vector space is only useful because later stages such as search, clustering, and ranking can operate

on it efficiently.

Embedding model H Vector space H Similarity search

Y

‘ Clustering / ranking ’

Figure 3.1: How semantic representations turn text into retrieval-ready geometry.

The cosine-similarity snippet below keeps the embedding discussion concrete. It demonstrates that semantic
search eventually reduces to numerical comparison, even when the upstream model is sophisticated.

Python Code

from math import sqrt

def cosine(a, b):
dot = sum(x * y for x, y in zip(a, b))
na = sqrt(sum(x * x for x in a))
nb = sqrt(sum(y * y for y in b))

return dot / (na * nb)

query = [0.30, 0.22, 0.91]
doc_a [0.28, 0.20, 0.89]
doc_b [0.10, 0.77, 0.14]
print (cosine(query, doc_a), cosine(query, doc_b))
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What Strong Candidates Sound Like

One sentence you can say in an interview. “Embeddings are useful because they
make semantic proximity measurable, which lets retrieval, clustering, and recommendation
systems scale beyond exact keyword overlap.”

4 )
Q11. What is an embedding?
\_ J

T .

An embedding is a dense numerical vector that represents a token, sentence, document,

image, or other object in a way that preserves useful relationships. Instead of treating text
as an ID lookup, the model maps it into a continuous space where distance and direction

can encode semantic similarity.

In plain terms, embeddings let machines compare meaning without relying only on exact
keyword matches. That is why they are central to semantic search and retrieval. A strong
interview answer explains both levels: embeddings are learned numerical representations,

and their value comes from turning semantic comparison into vector operations.

\_ J

Q12. Why do embeddings make semantic search possible?

=T .

Semantic search works because relevant items do not need to share the exact same words

if their embeddings land close together. A query about ’physician salary growth’ can still
retrieve content written about ’doctor compensation trends’ because the vectors encode
related meaning rather than strict lexical overlap.

This makes embeddings especially useful for question answering, support search, and
long-tail user phrasing. The caveat is that dense similarity can also retrieve conceptually
adjacent but wrong content, so embedding search is powerful but not automatically precise.
That is why production systems often add metadata filters, lexical matching, or reranking.
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Q13. What is the difference between token embeddings, sentence
embeddings, and document embeddings?

e N

Token embeddings represent individual token identities at the model input layer. They
are part of the model’s internal processing and are not usually used directly for search.
Sentence embeddings compress a whole sentence into one vector designed for semantic
comparison. Document embeddings do the same at larger scope, often using pooling or
chunk-level aggregation.

The important interview point is to match the representation to the task. Token embed-
dings are great for internal language modeling, but they are not the same as retrieval
embeddings. For search and clustering, you usually want sentence or chunk embeddings

that are explicitly trained to preserve semantic similarity at that level.

- J

Q14. Why do engineers often L2-normalize embeddings?

T .

Normalization scales vectors to unit length so similarity depends mainly on direction

rather than raw magnitude. This makes cosine similarity and dot-product behavior more
consistent and often improves retrieval stability, especially when vector norms vary widely
across examples.

In practice, normalization also simplifies index behavior and thresholding. Without it,
one vector can dominate comparisons because of size rather than meaning. In interviews,
mention that normalization is not magic; it is a design choice that can improve compara-
bility, but the right choice depends on how the embedding model was trained and how

the index computes similarity.
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Q15. When should you use cosine similarity instead of dot product?

T .

Core idea. Use cosine similarity when you want similarity to reflect semantic direction

rather than raw vector magnitude. Cosine compares the angle between vectors, while dot
product mixes angle and length, so high-norm vectors can win even when they are not
truly the closest match in meaning.

When cosine is usually the safer choice. Prefer cosine when your embedding norms
vary across examples, when the model documentation recommends cosine-based retrieval,
or when you want ranking behavior that is less sensitive to scale differences introduced
during training or preprocessing.

Expert note. If embeddings are L2-normalized, cosine similarity and dot product become
equivalent for ranking because every vector has unit length. In production, the real rule is
consistency: use the metric your embedding model, vector index, and offline evaluation
pipeline are designed around. A mismatch can quietly change retrieval quality even though
the embeddings themselves never changed.

Q16. What are hubness and anisotropy in embedding spaces?

T .

Hubness refers to the tendency of some vectors to appear as nearest neighbors for too many

queries. Anisotropy means the vector space is unevenly distributed, so many embeddings
crowd into similar directions. Together, these effects can reduce retrieval quality because
the index keeps surfacing generic items.

You do not need to over-theorize this in interviews. A clear answer is that not all embedding
spaces are equally healthy for nearest-neighbor search. If you see over-retrieval of broad
or repetitive documents, investigate normalization, fine-tuning quality, negative sampling,

and reranking rather than assuming the vector database is at fault.
\ J
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Q17. What is the difference between dense and sparse representations?

YT .

Dense representations are continuous vectors where most dimensions carry nonzero val-

ues. Sparse representations are high-dimensional signals where only a small number of
dimensions are active, as in bag-of-words or BM25-style lexical matching. Dense methods

capture semantic similarity better; sparse methods preserve exact term evidence better.

In production, this is not a philosophical choice. It is usually a recall-and-precision
trade-off. Dense search can find conceptually related text, while sparse search protects
against missing exact terminology, names, codes, or product IDs. That is why hybrid

retrieval has become the default in many enterprise systems.
\ J

Q18. What is the difference between a bi-encoder and a cross-encoder?

T .

A bi-encoder encodes the query and candidate text independently, then compares their

vectors. This makes retrieval fast and scalable because candidate vectors can be precom-
puted. A cross-encoder processes query and candidate together, allowing richer interaction
but at much higher inference cost.

A useful mental model is that the bi-encoder is a fast librarian who pulls a shortlist,
while the cross-encoder is a careful reviewer who reads each shortlisted item alongside the
query. In interviews, emphasize the common pattern: use a bi-encoder for recall and a

cross-encoder for reranking.

. J
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Q19. How does embedding dimension affect system design?

T .

Higher-dimensional embeddings can capture richer distinctions, but they also increase

storage, memory bandwidth, and index cost. Lower-dimensional embeddings are cheaper
and faster but may lose retrieval fidelity, especially in complex domains.

The right dimension is therefore a system decision, not just a model choice. In interviews,
mention the full trade-off: vector size affects index footprint, latency, cache efficiency, and
re-embedding migration cost. A strong engineer does not ask only ’what is most accurate?’
but also 'what scales under real traffic?’

- J

Q20. How do you evaluate an embedding model before using it in
production?

T .

Evaluate embeddings on the task they will actually support. For retrieval, measure recall at

k, mean reciprocal rank, normalized discounted cumulative gain, and downstream answer
quality. For clustering, check purity or manual interpretability. For recommendation,
assess whether neighbors are meaningfully relevant rather than only numerically close.

The strongest interview answer is that offline vector similarity alone is not enough.
Embeddings should be tested inside the full pipeline they will power. Sentence-level
benchmarks are useful, but the final question is always whether the embeddings improve

business-relevant retrieval or decision quality (Reimers & Gurevych, 2019).
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Chapter 4

Transformer Architecture, Attention,

and Positional Reasoning

Chapter overview. The transformer is the architectural backbone behind modern
large language models. Its central insight is that sequence modeling can be built around
attention rather than recurrence, allowing training to be parallelized while still modeling
long-range dependencies. That change reshaped NLP and later influenced multimodal,
vision, and audio systems as well (Vaswani et al., 2017).

Understanding the transformer means understanding how token embeddings are mixed
through self-attention, feed-forward blocks, residual connections, and positional informa-
tion. Interviews often test whether candidates can explain the architecture at multiple

levels: intuitive, mathematical, and systems-oriented.
\ J

Interview Anchor N

What the interviewer is really testing. Can you explain attention clearly enough that

a team trusts you to reason about model behavior, context mixing, and scaling trade-offs?
Strong answer pattern. Describe self-attention as weighted information routing,
then connect it to parallel sequence processing, long-range dependencies, and positional
encoding.

Common miss. Avoid mystical wording such as “the model understands everything at
once.” Explain the mechanism and then describe the engineering consequence.
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INTERVIEW CHEATSHEET ~N

Signal to hit Attention lets each token build a context-aware representation by

weighting other tokens dynamically.

Best example The relevance of a pronoun or a negation often depends on

tokens several positions earlier.

Follow-up angle Mention multi-head attention, positional encoding, and why

sequence length affects memory and compute.

What seniors add  They explain attention as both a modeling concept and a
systems bottleneck.

Red flag Confusing attention weights with complete interpretability or
treating them as causal explanations by default.

What Strong Candidates Sound Like

One sentence you can say in an interview. “Attention is powerful because it lets each
token compute a context-sensitive view of the sequence, but that flexibility also makes

long contexts expensive to serve.”

The attention diagram below simplifies what the transformer is doing at a systems level. It should be

read as a flow of information mixing, not as every matriz operation shown in research notation.

{Token states]—b{ Q/K/V HAttention scoresH Weighted mix ]—b{ Updated states }

each token asks:
who matters
most right now?

Figure 4.1: A simplified self-attention view of how transformer layers mix context.
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Q21. Why was the transformer such a major breakthrough?

T .

Before transformers, many sequence models relied on recurrence, which processed tokens

step by step. That made training slower and made long-range dependency tracking harder.
The transformer replaced recurrence with attention, allowing each token to directly weigh
other relevant tokens in the sequence while enabling far more parallel computation.

The breakthrough was therefore both algorithmic and operational. It improved modeling
power and hardware utilization at the same time. In interviews, do not answer only
'because of attention.” Say that the architecture scaled better, trained faster on modern

accelerators, and generalized into the foundation of current LLMs (Vaswani et al., 2017).

\ J

Q22. What is self-attention in simple terms?
J

... .

Self-attention is a mechanism that lets each token look at other tokens in the same sequence

and decide which ones matter most for building its representation. A token representing
the word "bank’ can attend to ’river’ or ’loan’ nearby and shift its meaning accordingly.

A good mental model is that every token asks, "Which other tokens should I consult
before I update my understanding?’ This is why self-attention is so powerful for ambiguity
resolution, co-reference, and long-distance dependencies. In interviews, clarity beats

jargon: explain that attention builds context-sensitive meaning.

- J
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Q23. What roles do query, key, and value vectors play in attention?

YT .

Queries represent what the current token is looking for. Keys represent what each token

offers as an addressable signal. Values represent the content that gets mixed once relevance
has been determined. The attention score comes from matching queries to keys, and the
weighted combination of values becomes the new representation.

In practical terms, query-key similarity decides who matters, and values decide what
information gets copied forward. Interviewers like this question because it reveals whether
you truly understand attention or only memorize vocabulary. The best answer explains

both the matching step and the content aggregation step.
\ J

Q24. Why do transformers use multiple attention heads?

T .

Multiple heads allow the model to learn several types of relationships in parallel. One head

may focus on local syntax, another on entity references, another on discourse structure,
and another on positional patterns. Each head gets its own projection space, so the model

is not forced into one universal notion of relevance.

The key idea is specialization. Multi-head attention increases representational richness
without requiring one monolithic attention pattern to do all the work. In interviews,
avoid saying 'more heads is always better.” More heads increase flexibility, but their value

depends on model size, task, and training quality.
\_ J
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Q25. Why do transformers need positional encodings or positional
embeddings?

— R

Attention alone is permutation-invariant. If you remove position information, the model
knows which tokens are present but not the order in which they appear. Positional
encodings inject sequence order so the model can distinguish ’dog bites man’ from 'man
bites dog.’

Modern systems use different positional strategies, including learned embeddings and
rotary position embeddings. The interview-safe answer is that position signals are required
because attention by itself does not encode order. Without them, the model would lose
one of the central structures of language (Su et al., 2021).

-

\

Q26. What is the difference between encoder-only, decoder-only, and
encoder-decoder transformers?

— R

Encoder-only models are optimized for understanding tasks such as classification or
retrieval because they can use bidirectional attention over the input. Decoder-only models
generate text autoregressively by predicting the next token from previous tokens. Encoder-
decoder models separate input encoding from output generation and are common in
translation and sequence-to-sequence tasks.

In interviews, a good answer maps architecture to workload. BERT is encoder-style,
GPT-style models are decoder-only, and T5 is encoder-decoder. The point is not just
taxonomy; it is understanding why the attention pattern changes what the model is best
suited to do (Devlin et al., 2019; Raffel et al., 2020).

~

J
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Q27. What do the feed-forward block, residual path, and layer
normalization contribute?

e N

Self-attention mixes information across tokens, but the position-wise feed-forward network
transforms each token representation nonlinearly after that mixing. Residual connections
preserve gradient flow and help stabilize deep networks by letting each block learn
refinements instead of full replacements. Layer normalization improves training stability

by keeping activations in a manageable range.

A strong answer is that the transformer is not just attention. It is attention plus repeated
stabilization and transformation machinery. Interviewers often ask this to see whether
you understand why the architecture works as a stack rather than as one clever attention

trick.

\ J

( )
Q28. Why do transformers scale well but become expensive on long
sequences?

\_ J

T .

Transformers scale well because attention can be computed in parallel across tokens,

which maps efficiently to modern hardware. But standard self-attention compares tokens
with one another pairwise, so computation and memory grow quickly as sequence length

increases.

That is why long context is not free. Engineers pay for it in latency, throughput, and
memory pressure. In interviews, connect architecture to systems: the same design that
made transformers dominant also created strong incentives for context optimization, sparse

attention ideas, batching strategies, and KV caching.

28 AT Engineering Insider



Language Models Interview Handbook Lamhot Siagian »

Q29. What is the difference between causal masking and bidirectional
attention?

e N

Causal masking prevents a token from attending to future tokens, which is essential for

next-token prediction in autoregressive generation. Bidirectional attention allows a token
to use both left and right context, which is useful for understanding tasks such as masked

language modeling or classification.

The deeper point is that the mask defines the information flow. Changing the attention
mask changes what the model is allowed to know during training and inference. That is

why architecture and objective are tightly coupled in transformer design.

Q30. What are common transformer failure modes engineers should
understand?

T .

Common failure modes include attention diffusion on long contexts, positional degradation,

context dilution from noisy prompts, hallucination when retrieval is weak, and unstable
outputs when decoding is poorly configured. None of these mean the transformer is broken;
they mean the surrounding system must manage its limitations well.

In interviews, this is where senior candidates stand out. Do not stop at architecture
diagrams. Explain how transformer behavior interacts with token budgets, retrieval quality,
training data, and serving constraints. That shows system-level understanding rather

than only model trivia.
\_ J
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Chapter 5

Pretraining Objectives, Model
Families, and Classical Comparisons

J

Chapter overview. Modern language models did not appear fully formed. They
emerged from a sequence of design shifts: moving from n-gram statistics to distributed
representations, from recurrent sequence models to transformers, and from narrow task
models to broadly pretrained foundation models. Understanding the pretraining objective
matters because it shapes what the model becomes naturally good at. BERT-style
objectives emphasize bidirectional representation learning, while GPT-style objectives
emphasize next-token generation and open-ended continuation (Devlin et al., 2019; Brown
et al., 2020).

This chapter also clarifies model-family language that often gets mixed up in interviews.
Terms such as autoregressive, masked, generative, discriminative, sequence-to-sequence,
and foundation model refer to different axes of comparison. Strong answers keep those

axes separate instead of treating them as interchangeable labels.
\ J

Interview Anchor \

What the interviewer is really testing. Whether you can compare model families by

objective and use case instead of by brand names alone.

Strong answer pattern. Explain the pretraining objective, describe the type of behavior
it encourages, and then connect that to downstream strengths, weaknesses, and adaptation
options.

Common miss. Avoid treating autoregressive and masked models as better or worse in
the abstract. Tie them to task fit.
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INTERVIEW CHEATSHEET ~N

Signal to hit The objective shapes what the model learns efficiently:

continuation, bidirectional context use, instruction following, or

transfer behavior.

Best example Compare GPT-style next-token prediction with BERT-style
masked prediction and explain why they shine in different
settings.

Follow-up angle Mention Tb-style text-to-text framing when discussing task
unification.

What seniors add  They compare training objective, inference behavior, and
adaptation cost in one answer.

Red flag Using company-specific names when the question is really about

architecture or training objective.

\_ J

What Strong Candidates Sound Like <

One sentence you can say in an interview. “A model family is easier to compare

when you start from its learning objective, because the objective quietly determines what

the model is efficient at during downstream use.”
y y,

This model-family table gives the pretraining chapter a compact reference point. It helps the reader

compare objective choice and architecture family before the interview questions drill into the details.

Table 5.1: A compact map of major model families

Family idea Typical objective  Best mental model
Autoregressive Predict the next Excellent for free-form generation and continuation
LM token
Masked LM Recover hidden Strong for representation learning and
tokens from understanding tasks
surrounding
context
Seq2Seq model Map one sequence Useful when input and output roles are clearly
into another distinct

Foundation model Broad pretraining, A general base model reused across many
then adaptation downstream tasks
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Q31. What defines a language model and why is it called “large”?

T .

A language model estimates the probability of token sequences. In simple terms, it learns

which token is likely to come next or which token best fits a context, depending on the
training objective. It is called large because modern versions are trained with very large
parameter counts, datasets, and compute budgets, allowing them to internalize broad
statistical regularities about language and many downstream tasks.

A strong interview answer connects size to capability but also to cost. “Large” does not
only mean more parameters. It also implies longer training runs, more sophisticated
infrastructure, bigger context-management problems, and new failure modes such as
hallucination, distribution shift, and high deployment cost.

\ J

4 A
Q32. How do autoregressive and masked models differ?

\_ _J/

T .

Autoregressive models learn to predict the next token given prior tokens. They read
text left-to-right during generation and are naturally suited to completion, dialogue,
summarization, and coding assistance. Masked models instead hide some tokens and
learn to recover them from both left and right context. That makes them strong for

representation learning, classification, and retrieval-oriented understanding tasks.

The cleanest way to explain the difference is to separate generation from representation.
Autoregressive objectives train the model to continue sequences. Masked objectives train
the model to build rich internal representations of context. Both are powerful, but they
prepare the model for different default strengths.
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Q33. What is masked language modeling and what does it teach the
model?

T N

Masked language modeling, or MLM, randomly hides a subset of tokens and asks the model

to predict them from surrounding context. Because the hidden token can depend on words
that appear before and after it, the model learns bidirectional contextual representations
rather than a purely left-to-right generation policy.

In interviews, say that MLM is valuable because it teaches contextual understanding
instead of only next-token continuation. That is why BERT-style pretraining proved so

effective for search, ranking, classification, and sentence-pair tasks (Devlin et al., 2019).
N J

Q34. What is next sentence prediction and why does it matter
historically?

e .

Next sentence prediction, or NSP, is a pretraining task where the model decides whether

one sentence naturally follows another. In the original BERT formulation, it helped the
model learn coarse discourse relationships between sentence pairs, which was especially
useful for tasks such as natural language inference and question answering (Devlin et al.,
2019).

Today, NSP matters less as a universal recipe than as a historical milestone. Later work
showed that some sentence-level tasks can be learned without a separate NSP loss, but
interviewers still ask about it because it illustrates how pretraining objectives shape
downstream behavior.
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Q35. How do language models handle out-of-vocabulary words?

T .

Modern language models usually avoid a hard out-of-vocabulary problem by using subword

tokenization. Instead of requiring every full word to exist in the vocabulary, they break
unfamiliar words into smaller known pieces. A rare biomedical term or a new product
name can therefore still be processed as a sequence of familiar subword units.

The practical lesson is that OOV handling moved from dictionary design to tokenization
design. The model may not know the meaning of a new term very well, but it can
still ingest and manipulate the text because the tokenizer can decompose it into known

fragments.
\ J

Q36. What is a sequence-to-sequence model and where is it most useful?

=T .

A sequence-to-sequence, or Seq2Seq, model maps one sequence into another, often with

different lengths and different surface forms. Translation, summarization, and structured
transformation tasks are classic examples because they have a clear source sequence and a
clear target sequence.

The interview-quality answer is that Seq2Seq is a task framing, not a single architecture.
Older Seq2Seq systems used recurrent networks with attention; newer ones often use
encoder-decoder transformers. The core idea is still to transform an input sequence into a
target sequence while preserving the right information.
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Q37. Why did transformers replace many RNN-based Seq2Seq systems?

T .

Transformers displaced many recurrent Seq2Seq models because self-attention handles

long-range dependencies better and allows much more parallel computation during training.
Recurrent models must process tokens step by step, which slows training and makes long-
distance signal propagation harder. Transformers let every token attend to every other
relevant token in the same layer, which improved both scale and performance (Vaswani et
al., 2017).

In interviews, link this to operations as well as accuracy. Faster parallel training made it
possible to exploit much larger datasets and models, which was essential for the rise of

foundation-scale systems.
\ J

Q38. What is the difference between a foundation model and a

task-specific model?

T .

A foundation model is pretrained broadly on large and diverse corpora so it can later

be adapted to many tasks. A task-specific model is usually trained or fine-tuned for a
narrower job such as sentiment classification, entity extraction, or domain-specific retrieval.
The trade-off is breadth versus specialization.

A strong answer is that foundation models shift effort from repeated task-by-task training
toward adaptation, prompting, retrieval, or lightweight tuning. They are powerful precisely
because one base model can support many products, but that breadth also creates

challenges in control, safety, and cost.
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Q39. What is the difference between generative and discriminative
models?

T N

Generative models learn to model or approximate how the data itself is produced, which

allows them to generate new samples such as text continuations. Discriminative models
focus on mapping inputs to labels or decisions, such as predicting whether a review is
positive or negative. In practice, the line is not always absolute because a powerful

generative model can often perform discriminative tasks through prompting.

The clean interview answer is that generative models are usually more flexible, while
discriminative models are often more efficient and easier to calibrate for narrow tasks.

Which one is preferable depends on whether the product needs open-ended generation or

tightly controlled prediction.

Q40. How do LLMs differ from traditional statistical language models?

T .

Traditional statistical language models such as n-gram models estimate probabilities from

local token counts and typically depend on short fixed histories. Large language models
instead learn distributed representations and use deep architectures that can capture
much longer and richer context. This lets them generalize beyond memorized counts and

transfer across many tasks.

A helpful interview framing is that classical language models are mostly lookup-based
with smoothing, while modern LLMs are representation learners. Classical systems remain
interpretable and inexpensive, but they cannot match the contextual flexibility, reasoning

behaviors, and transfer learning capacity of transformer-based LLMs.
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Chapter 6

Classification with Large Language
Models

Chapter overview. Although many teams first encounter LLMs as chat systems, they
are also powerful classification engines. They can assign labels directly through prompting,
produce rationales for audits, and adapt quickly to new taxonomies. That said, not every
classification workload should be handed to a general-purpose generator. Some workloads
still favor smaller discriminative models or hybrid pipelines.

A strong engineering answer compares approaches rather than treating LLM classification
as a universal upgrade. The right choice depends on class complexity, data volume,

explanation needs, latency targets, and whether the label space changes frequently.
& J

Interview Anchor N

What the interviewer is really testing. Can you choose between prompting, zero-

shot classification, few-shot classification, and dedicated classifiers with a clear business
rationale?

Strong answer pattern. Start from label stability and cost tolerance, then explain
when a generative model is enough and when a smaller supervised model is the better
production choice.

Common miss. Candidates often forget calibration, class imbalance, and schema
enforcement when using generative outputs for classification.

37 AT Engineering Insider



Language Models Interview Handbook Lamhot Siagian »

INTERVIEW CHEATSHEET ~N

Signal to hit Classification design depends on label clarity, volume, drift,

explainability, and price per prediction.

Best example Use a prompted LLM when labels change often, but use a
compact classifier when volume is huge and the label set is stable.

Follow-up angle Mention confidence thresholds, structured outputs, and human

review for ambiguous classes.

What seniors add  They distinguish product experimentation from production
throughput economics.

Red flag Assuming the strongest generative model is always the best
classifier.

\. J

The classification table below translates model choice into operational criteria. Read it row by row as a

decision tool for label stability, iteration speed, and cost profile.

Table 6.1: Choosing the right classification strategy in practice

Approach Best when Operational note

Prompted LLM Labels are evolving Easy to iterate, but cost and consistency need
or nuanced control.

Few-shot LLM Edge cases matter ~ Helpful for pilot phases and policy-heavy tasks.

and examples
improve framing

Fine-tuned Labels are stable Better throughput and cost once the taxonomy

classifier and volume is high  settles.

Hybrid approach You need Useful when uncertain cases must be triaged
automation plus safely.

human escalation

What Strong Candidates Sound Like

One sentence you can say in an interview. “The real classification decision is not
only accuracy; it is how much label drift, ambiguity, scale, and governance the product
can tolerate.”
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Q41. How can a generative LLM perform classification?

— R

.

A generative LLM can perform classification by being prompted to map an input into
one label from a defined set. Instead of learning a dedicated classifier head, it uses its
instruction-following and language understanding capability to produce the target class,
often along with a justification or structured output.

This works especially well when the classes are described in natural language, the input is
messy, or examples are scarce. The trade-off is that generative classification can be slower
and less stable than a conventional classifier unless you constrain the output carefully.

J

Q42. When should you use prompting instead of fine-tuning for
classification?

— R

Use prompting when the taxonomy changes often, labeled data is limited, and you need
to move quickly. Prompting is also attractive when explanation quality matters, because
the same system can classify and justify its decision in one pass.

Use fine-tuning when the labels are stable, volume is high, latency matters, and you
need tighter consistency. In interviews, emphasize that prompting buys flexibility while
fine-tuning buys specialization. Neither is inherently superior; the better choice depends
on the operational profile of the task.

\

39 AT Engineering Insider



Language Models Interview Handbook

Lamhot Siagian »

Q43. What is the difference between zero-shot and few-shot
classification?

— R

Zero-shot classification gives the model only the label definitions or instructions. Few-shot
classification also provides a handful of examples showing how inputs should map to
classes. Few-shot examples help the model infer boundaries, edge cases, and formatting
expectations more reliably.

A good interview answer notes that few-shot examples are particularly helpful when
labels are subtle, overlapping, or organization-specific. They turn the prompt into a tiny
on-the-fly training signal. GPT-3 popularized this style of in-context learning, where
performance can improve substantially with well-chosen examples (Brown et al., 2020).

\

\_ J

4 )
Q44. How should you design a label taxonomy for an LLM classifier?

\_ _J

P /LIS Wer N

The label taxonomy should be mutually understandable, operationally useful, and as
non-overlapping as possible. Labels should be defined with clear boundaries, inclusion
rules, exclusion rules, and examples. If labels are too abstract or semantically entangled,
the model will mirror that ambiguity.

A strong production answer is to treat taxonomy design as product design, not merely
modeling. Many classification failures come from unclear class definitions rather than
weak models. If humans cannot classify consistently, the LLM will not fix the ontology for
you.
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Q45. How do you handle class imbalance in LLM-based classification?

YT .

Class imbalance can be addressed through better examples, targeted evaluation sets, cost-

sensitive review policies, or fine-tuning with balanced or reweighted data. Prompt-only
systems may overpredict broad majority classes unless the prompt explicitly describes
minority cases and edge conditions.

In interviews, mention that imbalance is both a data problem and a decision-policy
problem. You may care more about minority recall in fraud, safety, or medical triage than

about raw overall accuracy. The right evaluation metric should reflect that priority.
\. J

Q46. How is multi-label classification different from single-label
classification?

e N

In single-label classification, exactly one class must be chosen. In multi-label classification,

multiple labels may apply simultaneously. The prompt, schema, and evaluation strategy
must therefore change. Instead of selecting one best label, the system must decide which
labels cross the inclusion threshold.

The practical challenge is calibration. Multi-label outputs require stronger thresholding,
validation, and audit logic because the model can under-tag or over-tag. In interviews,
highlight that multi-label work is not just a small extension of single-label classification;
it changes the decision structure.
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Q47. Which metrics matter most for classification systems built with
LLMs?

T N

Accuracy is a starting point, but precision, recall, F1, confusion matrices, and calibration

are usually more informative. In imbalanced settings, macro-F1 or per-class recall may
matter far more than aggregate accuracy. For human review workflows, you may also care

about abstention rate and reviewer overturn rate.

Senior candidates stand out by connecting metrics to business risk. If a wrong false
negative is expensive, optimize recall. If a false positive triggers painful manual review,

optimize precision. The best metric is the one aligned to the cost of being wrong.

g J

Q48. How do you estimate confidence for an LLM classifier?

e N

Confidence can be estimated through constrained label probabilities, self-consistency

checks, secondary models, calibration sets, or agreement across prompt variants. Raw
verbal confidence statements from the model are not reliable enough to use as the only
confidence signal.

A good interview answer is that confidence should be measured externally whenever
possible. Production systems often combine model scores, retrieval evidence, schema
validity, and historical error patterns to decide when to auto-route versus escalate to

human review.
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Q49. When should a classification pipeline include a human in the loop?

YT .

Human review is appropriate when the decision is high-impact, ambiguous, novel, or

compliance-sensitive. It is also useful when the model has low confidence, conflicting
evidence, or classes that are frequently confused. Human feedback from these cases can
become the most valuable training and evaluation data.

In interviews, treat human review as a precision tool rather than a sign of system weakness.
A mature design routes easy cases automatically and reserves scarce reviewer attention
for the cases where it creates the most risk reduction.

- J

Q50. What are common production failure modes in LLM classification
systems?

g .

Common failures include label drift after taxonomy changes, prompt brittleness, hidden
format errors, poor treatment of minority cases, and false confidence on ambiguous inputs.
Another common issue is silent degradation when upstream retrieval or preprocessing

changes the input the classifier sees.

The strongest answer is system-level: classification quality depends on prompts, data
definitions, evaluation sets, routing policies, and review loops. If you monitor only a single

accuracy number, you will miss the real reasons the system is succeeding or failing.

\ J
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Chapter 7

Topic Modeling, Clustering, and
Theme Discovery at Scale

\.

Chapter overview. Topic discovery answers a different question from classification.
Classification maps data into known buckets; topic modeling and clustering help reveal
patterns you did not define in advance. Modern LLM systems often combine embeddings,
clustering, and summarization to discover themes in reviews, tickets, research papers, or
support chats.

The best interview answers explain both the statistical and product sides of the problem:
discovering clusters is only the first step; the harder part is naming them, validating them,

monitoring drift, and making them useful to downstream teams.

.

Interview Anchor

Lamhot Siagian »

What the interviewer is really testing. Whether you can move from raw text to
interpretable themes without confusing unsupervised discovery with ground truth labeling.
Strong answer pattern. Explain the pipeline from representation to grouping to
interpretation, then describe how humans validate whether the clusters are actually useful.
Common miss. Do not oversell cluster names as facts. Theme discovery is exploratory
and depends heavily on representation quality and evaluation design.

INTERVIEW CHEATSHEET

Signal to hit Theme discovery is a representation-plus-evaluation problem, not
just a clustering algorithm choice.

Best example Customer support tickets often need embedding-based grouping
before humans name the dominant themes.

Follow-up angle Mention dimensionality reduction, cluster interpretability, and

stability across reruns or new data.

What seniors add  They separate exploratory insight generation from production

taxonomy assignment.

Red flag Treating unsupervised cluster labels as objective truth.
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The theme-discovery figure helps connect unsupervised analysis to production workflow. It shows that

topic modeling is strongest when labeling, validation, and iteration wrap around the clustering step.

{DocumentSH Embeddings H Clustering J—»Eheme labeling]

A

4

{Human validation}

Figure 7.1: A practical theme-discovery flow from raw corpus to validated topic labels.

What Strong Candidates Sound Like

One sentence you can say in an interview. “Good topic discovery pipelines treat

clusters as hypotheses that must be interpreted and
from the algorithm.”

validated, not as automatic truth

Q51. How is topic modeling different from classification?

— RS

not to force every item into an existing taxonomy but

inform one.

reveal recurring issues, hidden subpopulations, and

decision assignment.

Classification is supervised and starts with a predefined label set. Topic modeling is
usually exploratory and tries to uncover latent themes from the data itself. The goal is

In practice, teams often use topic discovery before building a formal taxonomy. It helps

interviews, say that topic modeling is about pattern discovery, while classification is about

N

to discover structure that can later

language used by real users. In
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Q52. Why have embedding-based clustering methods become popular
for topic discovery?

T N

Embedding-based methods represent each text unit in a semantic vector space, so clustering

can group items that are conceptually related even if they do not share exact keywords.
This is especially useful for customer feedback, support logs, and research corpora where
people describe the same issue in many different ways.

The appeal is practical: embeddings give you better semantic grouping, and LLMs can
then summarize or name the discovered clusters. That combination is often more useful

to product teams than traditional topic-word lists alone.

g J

Q53. What is a practical pipeline for topic discovery at scale?

e N

A common pipeline is: clean the text, choose the unit of analysis, embed the data,

optionally reduce dimensionality, cluster the vectors, extract representative examples, and
finally use an LLM or human reviewer to label the clusters. The last steps matter because
raw clusters do not explain themselves.

In interviews, note that scalability depends on batching, approximate indexing, incremental
updates, and sampling strategies for review. A topic modeling system must be designed
like a data product, not just a notebook experiment.

- J
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Q54. Why do engineers often reduce dimensionality before clustering?

— R

.

High-dimensional embedding spaces can be noisy and hard for some clustering algorithms
to partition cleanly. Dimensionality reduction can reveal local structure, denoise the space,
and make clusters easier to separate visually or algorithmically.

The trade-off is that reduction may distort distances if applied carelessly. A strong answer
is that reduction is a tool, not a default law. You use it when it improves cluster structure
or interpretability, then verify the result with representative examples rather than trusting
a plot alone.

~

Q55. How do you choose a clustering algorithm for topic discovery?

— R

The choice depends on what you expect the data to look like. K-means assumes roughly
spherical clusters and requires a chosen k. Density-based methods can capture irregular
shapes and separate noise points, which is often useful for real text data. Hierarchical
methods are helpful when you want coarse-to-fine exploration.

In interviews, show judgment rather than brand loyalty. The right algorithm depends
on data distribution, scale, and the need for interpretability. No clustering method can
rescue weak embeddings or ill-defined units of analysis.

~
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Q56. How do you name clusters so business teams can actually use
them?

e N

A useful cluster label should summarize the theme, not simply repeat the most frequent

token. Good labels usually come from a combination of top terms, representative examples,
and an LLM or human summarizer that sees enough evidence to describe the cluster
accurately.

The best labels are operational. ’Billing friction during checkout’ is more useful than
‘payment issue words.” In interviews, mention that cluster naming is a human-factors

problem as much as a modeling problem.

g J

Q57. How do you handle evolving topics over time?

e N

Topics drift as products change, events occur, and new language enters the corpus. A

production system should therefore support periodic re-embedding, incremental clustering,
or time-sliced analysis so teams can see whether themes are growing, shrinking, splitting,
or merging.

This is where monitoring matters. Topic discovery is not a one-time report. In interviews,
show that you understand topic evolution as a temporal analytics problem, not only a

static NLP task.
\__ J
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Q58. How do you evaluate whether discovered topics are good?

T .

Good topics are coherent internally, distinct from one another, and useful to decision-

makers. Automatic measures can help, but manual inspection of representative examples
remains essential. If a cluster contains semantically mixed examples, the label is likely
misleading even if a metric looks acceptable.

A strong answer is that evaluation should combine statistical coherence with analyst
usefulness. The question is not only ’Do the clusters exist?’ but ’Can a product, operations,
or research team act on them?’

- J

Q59. How can LLMs improve topic modeling workflows?

T §

LLMs are especially useful after clustering. They can label themes, summarize represen-

tative examples, compare adjacent clusters, and generate human-readable insights from
a large corpus. They can also help bootstrap a taxonomy once latent topics have been
discovered.

The caution is that LLM-generated summaries can sound crisp even when the underlying
cluster is messy. In interviews, say that LLMs improve interpretation and reporting, but

cluster quality must still be validated against raw examples.

. _J
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Q60. What are common mistakes when teams run topic modeling at
scale?

e N

Common mistakes include using the wrong unit of analysis, clustering noisy boilerplate,

overinterpreting weak visualizations, and treating automatically generated labels as truth.
Another mistake is ignoring temporal drift and assuming the same clusters remain stable
indefinitely.

The strongest interview answer is to emphasize validation. Topic discovery should be
treated as iterative sense-making. The goal is insight you can trust, not just an impressive
chart.
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Chapter 8

Retrieval Foundations for Large
Language Model Systems

Chapter overview. Retrieval is the core bridge between static model knowledge and
fresh, domain-specific information. Retrieval-augmented generation introduced a practical
way to combine parametric memory stored in model weights with non-parametric memory
stored in indexes, documents, and knowledge bases (Lewis et al., 2020).

This chapter focuses on the mechanics of finding the right evidence: lexical retrieval, dense
retrieval, hybrid search, chunking, ranking, filtering, and evaluation. Strong candidates

understand that a good LLM answer often begins as a good retrieval problem.
\ J

Interview Anchor N

What the interviewer is really testing. Whether you can explain retrieval as an

information system with recall, precision, chunking, reranking, metadata, and evaluation
rather than just a vector database choice.

Strong answer pattern. Start with why retrieval exists, then walk through indexing,
chunking, recall, reranking, metadata filters, and offline evaluation.

Common miss. Candidates often talk only about the vector store and forget that
chunking, document hygiene, and reranking dominate quality.
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INTERVIEW CHEATSHEET N

Signal to hit Retrieval quality depends on representation, chunking, filtering,

ranking, freshness, and evaluation.

Best example The same model can look excellent or terrible depending on how
the knowledge base is chunked and ranked.

Follow-up angle Mention first-stage recall versus second-stage reranking and

document-level metadata filters.

What seniors add  They talk about retrieval as a measurable subsystem with its

own metrics and regression tests.

Red flag Saying “we used vectors” as if that alone explains grounded

quality.

L J

The retrieval scorecard is included so the discussion stays grounded in measurable system behavior. It

moves the chapter from vague relevance talk into dimensions you can actually evaluate.

Table 8.1: A compact retrieval scorecard to discuss in interviews

Metric What it checks Why it matters

Recall at k Relevant evidence Low recall means the generator never sees the right
appears in the facts.
candidate set

Precision at k Returned context  High noise wastes context window and increases
is mostly useful hallucination risk.

MRR or nDCG Ranking quality Strong reranking improves answerability without
among retrieved reindexing everything.
chunks

Freshness checks = Recent documents Prevents stale answers in policy and operational
are retrievable domains.
when needed

This chunking helper shows why overlap is a retrieval design choice rather than a formatting convenience.
The implementation is small on purpose so the reader can focus on the recall trade-off.

Python Code

def chunk_text(tokens, chunk_size=400, overlap=60) :
chunks = []
start = 0
while start < len(tokens):
end = min(start + chunk_size, len(tokens))
chunks . append (tokens [start:end])
if end == len(tokens):
break

start = end - overlap

Ut
[N}
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return

What Strong Candidates Sound Like

One sentence you can say in an interview. ‘“Retrieval is where grounded LLM
quality is usually won or lost, because the generator can only reason over the evidence we

successfully surface and rank.”

The retrieval pipeline figure below links chunking, indexing, ranking, and generation into one grounded

path. This makes it easier to explain where recall problems and hallucination problems start to diverge.

{ Query J—{Rewrite / expandH Retrieve ]—{ Rerank Jﬁ[ Generate }

hybrid search + metadata filters + vector index

Figure 8.1: A practical retrieval pipeline for grounded generation.

This retrieval-quality table narrows attention onto where systems usually fail. The rows are designed to

map directly to debugging conversations about chunking, ranking, metadata, and trust.

Table 8.2: Where retrieval quality is won or lost

Component Main question Typical failure
Chunking What unit should be retrieved? Chunks too broad or
too thin
Embeddings / Can the system find likely evidence? Semantic misses or
lexical search exact-match misses
Metadata filters Is the search happening in the right slice? Wrong tenant, wrong
date, wrong scope
Reranking Are the best passages near the top? Useful evidence
buried too low
Prompt assembly  Does the model see enough clean support? Context noise
overwhelms the
answer
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Q61. What is retrieval-augmented generation, or RAG?

T .

RAG is a pattern in which the system first retrieves relevant external information and

then gives that information to the language model as context for generation. The goal is
to improve factual grounding, support citations, and make knowledge updates possible
without retraining the base model.

The core insight is that not all knowledge should live inside model weights. External
retrieval gives the system access to fresher and more auditable evidence. In interviews,
define both the purpose and the benefit: RAG improves controllability as much as it

improves accuracy (Lewis et al., 2020).

\ J

\
Q62. What is the difference between lexical retrieval and dense retrieval?
J

... .

Lexical retrieval matches explicit terms or phrases, so it is strong when wording overlap

matters. Dense retrieval uses embeddings, so it can retrieve semantically related content

even when the query and document use different surface forms.

The trade-off is straightforward: lexical retrieval protects exact matches, while dense
retrieval improves semantic recall. In enterprise systems, you often need both because

users ask conceptually while documents are written operationally.

g J
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Q63. Why is hybrid retrieval often better than using only one method?

T .

Hybrid retrieval combines lexical and dense signals so the system can benefit from exact

terminology and semantic similarity at the same time. This helps with acronyms, error
codes, product names, legal clauses, and user paraphrases in the same pipeline.

A strong interview answer is that hybrid search reduces the blind spots of each method.
Dense retrieval alone may miss rare identifiers; lexical retrieval alone may miss paraphrases.
Together they often improve first-stage recall.

N\ J

( )
Q64. Why is chunking so important in RAG?

\_ J

T .

Chunking decides the unit of retrieval. If chunks are too large, retrieval becomes noisy
because each hit contains too much irrelevant text. If chunks are too small, the answer
may lose the surrounding context needed for interpretation. Good chunking aligns with

the structure of the source material.

In interviews, say that chunking is both a recall and precision decision. It shapes what
the retriever can find and what the generator can understand once a passage is retrieved.

- _J

ot
at
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Q65. How do metadata filters improve retrieval quality?

YT .

Metadata filters narrow the search space using structured attributes such as product,

region, date, language, permission scope, or document type. This helps the system retrieve
from the right neighborhood before it even ranks semantic relevance.

The practical lesson is that retrieval quality is not only about better embeddings. Struc-
tured constraints can do a large amount of work cheaply and reliably. Strong candidates
often mention metadata filtering as one of the highest-return improvements in production

search.
\_ J

Q66. What is a vector database and what problem does it solve?

T .

A vector database stores embeddings and supports efficient nearest-neighbor search. It is

built to find the vectors most similar to a query vector at scale, often while combining
metadata filters and operational features such as replication, durability, and monitoring.

The important interview point is that the vector store is infrastructure, not intelligence.
It makes retrieval feasible and fast, but relevance still depends on the embedding model,

chunking strategy, and ranking logic layered above it.
\_ J
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Q67. Why do production systems rely on approximate nearest-neighbor

search?

— R

Exact nearest-neighbor search becomes expensive on large indexes because every query
would need to compare against too many candidates. Approximate methods trade a
small amount of recall for much better speed and scalability, which is usually the right

compromise in real systems.

In interviews, the best answer is operational. ANN exists because search systems must serve
real traffic with low latency. The question is not whether approximation is philosophically
pure, but whether it preserves enough relevance at production speed.

\

J

Q68. What is reranking and why is it useful?

— R

Reranking applies a more expensive relevance model to a shortlist returned by the first
retriever. The initial retriever maximizes speed and recall; the reranker improves ordering

so the best evidence reaches the generator.

A common pattern is bi-encoder retrieval followed by cross-encoder reranking. This gives

you the scalability of vector search and the precision of richer query-document interaction.

In interviews, explain reranking as a second-stage quality filter.

\

J
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Q69. How does query rewriting help retrieval?

T .

Query rewriting improves retrieval by converting the user’s raw question into a form better

aligned with the indexed content. The system may expand acronyms, normalize jargon,
add keywords, disambiguate entities, or split one complex query into multiple focused

retrieval intents.

The key idea is that users do not naturally speak in index-friendly language. A strong
answer is that query rewriting is often one of the cheapest ways to improve recall without

re-embedding the corpus.
\. J

Q70. Which offline metrics matter most for retrieval quality?

T .

Recall at k measures whether relevant evidence appears in the shortlist. Mean reciprocal

rank and nDCG measure whether relevant items appear near the top. For answer-
generation systems, passage-level relevance should also be tied to end-to-end grounded
answer quality.

The strongest interview answer is that retrieval metrics should not be isolated from
generation outcomes. A retriever that looks strong offline but feeds noisy evidence to the
generator may still fail the user task.
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Chapter 9

Production RAG Architectures and
Grounded Answering

J

.

Chapter overview. A naive RAG demo retrieves a few chunks and inserts them into a
prompt. A production RAG system manages much more: permissions, freshness, citation
quality, caching, evaluation, failure handling, and escalation rules. The goal is not merely
to retrieve something relevant, but to generate answers that are grounded, attributable,
and safe to use.

The original RAG literature framed retrieval as external memory for knowledge-intensive
tasks. Production systems extend that idea into an architecture discipline focused on
provenance, access control, monitoring, and user trust (Lewis et al., 2020).

~

o

Interview Anchor

What the interviewer is really testing. Can you describe a RAG system as a
production pipeline with failure controls, not as a single prompt with attached context?
Strong answer pattern. Explain retrieval, reranking, prompt assembly, citation or
grounding controls, fallbacks, and evaluation loops in one coherent flow.

Common miss. Candidates often stop at “retrieve top k and answer.” Senior answers

include abstention, citation style, escalation, freshness, and observability.

INTERVIEW CHEATSHEET

Signal to hit RAG is a system design pattern for grounding, not a guarantee of

correctness.

Best example Good RAG answers show the user not only a fluent response but
also why the system trusts the retrieved evidence.

Follow-up angle Mention citation formatting, unsupported-answer fallback, and
confidence or evidence thresholds.

What seniors add  They explain how evaluation separates retrieval failure from

generation failure.

Red flag Assuming adding more context always improves grounded quality.
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The RAG scorecard below expands success beyond whether the answer sounds fluent. It is there to

reinforce that grounded products are judged on citation quality, source use, escalation, and reliability.

Table 9.1: A production RAG scorecard beyond “did it answer?”

Layer Example check Why it matters

Retrieval Relevant Without evidence recall, the answer starts from a
documents weak base.
appear and rank
well

Grounding Response cites Prevents fluent unsupported claims.
supporting
passages
correctly

Fallback System abstains  Safer than forcing confident guesses.
when evidence is
missing

Operations Latency and Grounded systems still need product-grade
freshness stay reliability.

inside target

The reranking example below illustrates a production habit: relevance is rarely enough by itself. Teams

often combine retrieval score with trust or policy signals before handing evidence to generation.

Python Code

def rank_candidate(candidate):
relevance = candidate["semantic_score"]
trust = candidate["source_trust"]
freshness = candidate["freshness_score"]
return 0.65 * relevance + 0.20 * trust + 0.15 * freshness

ranked = sorted(candidates, key=rank_candidate, reverse=True)

What Strong Candidates Sound Like

One sentence you can say in an interview. “Production RAG is really a grounded-
answering pipeline with evidence selection, quality controls, and refusal behavior, not just
a retrieval step attached to a model.”
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Q71. What is the difference between naive RAG and production RAG?

YT .

Naive RAG typically means one retrieval step followed by one generation step with minimal

controls. Production RAG adds ranking, document permissions, freshness policies, citation
handling, error recovery, observability, and feedback loops. It is less a model trick than a
full application architecture.

In interviews, say that naive RAG proves possibility, but production RAG proves reliability.
The gap between the two is where most real engineering work lives.

N\ J
( )
Q72. What is the difference between single-hop and multi-hop retrieval?
\_ J

T .

Single-hop retrieval finds evidence for one information need in one pass. Multi-hop
retrieval gathers evidence iteratively when the answer depends on connecting multiple
facts, documents, or entities. For example, a question may require finding one document
to identify an entity and a second document to answer the actual query.

The practical implication is that more complex questions often require planning, decom-
position, and iterative retrieval rather than one nearest-neighbor lookup. In interviews,
explain that multi-hop retrieval improves coverage but raises orchestration complexity

and error compounding.
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Q73. How do you reduce hallucinations in a RAG system?

— R

The most effective approach is not to ask the model to be ’less hallucinatory’ in the
abstract. Instead, improve retrieval recall, rerank aggressively, constrain the answer
to cited evidence, require abstention when support is weak, and separate unsupported

generation from grounded generation.

A strong interview answer makes this concrete: hallucination is often a retrieval and
prompting problem before it is a decoding problem. If the context is wrong, thin, stale, or

noisy, the generator will often sound confident anyway.
.

~

Q74. Why are citations and provenance so important in grounded
systems?

— R

Citations make the answer inspectable. They let users and auditors verify where a claim
came from and whether the supporting source actually says what the answer claims. This

is essential in enterprise, legal, medical, and compliance-heavy environments.

In interviews, say that provenance is not just a UX feature. It is a control mechanism
that increases trust, simplifies debugging, and makes human review faster because the

evidence trail is visible.

\

J
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Q75. How should a RAG system handle freshness and knowledge
updates?

— R

Freshness should be handled in the data layer rather than by hoping the base model
knows recent facts. A production system needs ingestion schedules, document versioning,
deletion policies, and index refresh procedures so retrieval reflects the current source of
truth.

A strong answer also mentions stale-answer risk. If the system cannot guarantee freshness
for a request, it should communicate uncertainty or route to a more reliable source instead

of inventing confidence.

\

J

Q76. What is agentic RAG and when is it useful?

— R

Agentic RAG extends retrieval beyond one fixed lookup. The system may rewrite the
query, choose among tools, perform multiple retrieval steps, inspect intermediate results,
and decide whether more evidence is needed before answering.

It is useful for complex tasks, but not every retrieval workflow needs agent behavior.

In interviews, show restraint: agentic RAG is powerful when the question requires

decomposition or tool use, but it can add latency and failure paths for simple tasks.

\

J
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Q77. Why do caching layers matter in production RAG?

T .

Caching reduces latency and cost by reusing expensive results such as embeddings, retrieval

outputs, reranked candidate sets, or final answers for repeated or near-duplicate queries.
It also helps smooth traffic spikes.

The key interview point is that caching must respect freshness and permissions. A fast
cached answer that is stale or leaked across user scopes is worse than a slower uncached

answer.
\_ J
( )
Q78. How do permissions and access control affect RAG design?
\_ J

T .

A RAG system should never retrieve documents the current user is not allowed to see.
Access control must be enforced before or during retrieval, not only at final display time.
Otherwise the model may leak restricted content through generation.

In interviews, say that security lives in the retrieval layer too. Permission-aware indexing,

metadata filtering, and tenant isolation are as important as prompt instructions that say

"do not reveal secrets.’

- J
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Q79. How do you evaluate a production RAG system offline and online?

T .

Offline evaluation checks retrieval relevance, groundedness, citation correctness, and

answer quality on curated test sets. Online evaluation looks at live user satisfaction, task
completion, answer acceptance, correction rate, and escalation behavior. Both are needed
because offline wins do not always survive contact with real traffic.

The best interview answer is that evaluation should separate retrieval errors, prompt
errors, and generation errors. Otherwise the team cannot tell where to intervene.

N\ J

( )
Q80. When should you decide not to use RAG?

\_ J

T .

Do not use RAG when the task depends mostly on stable procedural logic, deterministic
computations, or data that is better accessed through structured APIs or databases. RAG
is also a poor fit when documents are too noisy to support reliable retrieval or when the
business problem can be solved more simply with search plus templates.

In interviews, this answer signals maturity. Strong engineers know when not to introduce
a more complex architecture. The best solution is the one that is adequate, controllable,
and maintainable.

- J
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Chapter 10

Prompting, In-Context Learning,
and LLM Orchestration

J

( )

Chapter overview. Prompting is often introduced as a writing exercise, but in practice

it is a control interface for a probabilistic system. Good prompting structures the task,
reduces ambiguity, constrains outputs, and sets the model up to use context effectively. As
models became stronger at in-context learning and instruction following, prompt design
became a major engineering lever (Brown et al., 2020; Ouyang et al., 2022).

This chapter treats prompting as system design. Good prompts do not stand alone;
they interact with schema constraints, tool calling, retrieval quality, memory policy, and
evaluation.

\ J
\
What the interviewer is really testing. Whether you see prompting as interface

design for the whole system rather than clever wording in isolation.
Strong answer pattern. Explain the role of instructions, examples, policy, tools, and
output schema, then connect those to reliability and maintainability.
Common miss. Avoid describing prompts as magic incantations. Senior answers talk
about prompt versioning, evaluation, and failure mode control.
x J
\

Signal to hit Prompting is about shaping behavior with constraints, examples,
and tooling context.

Best example A structured-output task usually improves when the prompt also
defines schema, boundaries, and fallback behavior.

Follow-up angle Mention in-context learning, tool use, and prompt regression
testing.

What seniors add  They treat prompts like production configuration with versions
and evaluation.

Red flag Saying prompt quality can be judged from a few anecdotal runs.
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What Strong Candidates Sound Like

One sentence you can say in an interview. “Prompting works best when it is treated
like system configuration: explicit policy, explicit schema, measured examples, and a

repeatable evaluation loop.”

This prompting figure is here to show that good prompts are really miniature system designs. Instructions,
evidence, tools, and output schema all work together rather than appearing as unrelated prompt fragments.

System policy H User task H Retrieved context H Tools H Structured output

Figure 10.1: Prompting works best as orchestration across policy, task, evidence, tools, and output
schema.

~
Q81. What roles do system, user, and tool messages play in chat-based

LLM systems?
J

.. R

The system message sets the governing behavior, constraints, and output expectations.

User messages contain the task request and new information. Tool or function results
supply external evidence or computed outputs that the model can use in its next step.

A good interview answer is that chat formatting is an interface contract. These roles help
separate policy, intent, and evidence. Clear separation makes the application easier to
reason about, debug, and secure.

g J
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Q82. What makes a prompt reliably good rather than merely verbose?

=T .

A good prompt is specific about the task, the desired output format, the decision bound-

aries, and the available evidence. It removes ambiguity without drowning the model in
unnecessary text. Longer prompts are not automatically better; irrelevant detail can
dilute the instructions that matter most.

In interviews, explain prompt quality in terms of control, not eloquence. The strongest

prompt is the one that produces stable, useful outputs under realistic variation.

N\ J

( )
Q83. When does few-shot prompting materially help?

\_ J

=T .

Few-shot examples help when the model needs to learn local conventions that are not
obvious from the instruction alone. This includes formatting rules, nuanced label bound-
aries, domain-specific tone, and edge-case decisions. Examples anchor the task in concrete
behavior.

The key is relevance, not quantity. A handful of well-chosen examples often beats a larger
set of repetitive ones. Strong candidates mention that examples should cover boundary
cases, not just easy positives.
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Q84. How should you think about chain-of-thought prompting in a
product setting?

e N

The useful principle is decomposition, not necessarily exposing long free-form reasoning.
If a task benefits from intermediate structure, you can ask the model to produce explicit
sub-results, checklists, or intermediate fields rather than relying on one undifferentiated

final answer.

In production, the goal is inspectability and task success, not maximal verbosity. A safe
interview answer is that decomposition can improve performance, but product systems

often prefer concise structured intermediates over unrestricted reasoning text.

g J

Q85. How do you prompt for structured outputs?

e N

Structured output prompting works best when you specify a schema, define field meanings

clearly, and validate the result after generation. Asking for ’JSON’ is not enough. The
model needs to know the allowed fields, value types, enum options, and what to do when

information is missing.

In interviews, mention two layers of control: prompt-level constraints and post-generation
validation. The best systems assume formatting can still fail and therefore parse, retry, or
repair rather than trusting the first response blindly.
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Q86. What is tool or function calling and why does it matter?

T .

Tool calling lets the model select an external operation such as database lookup, API

request, calculator call, or workflow trigger instead of trying to generate the answer entirely
from its own weights. This turns the LLM into an orchestrator that can decide when
external computation is needed.

The interview-strength answer is that tool calling improves reliability by moving determin-
istic work out of pure language generation. The model chooses the action, but specialized

systems execute the action.
. J

Q87. Why do prompt templates and versioning matter in engineering
teams?

e N

Once prompts are part of production logic, they should be treated as versioned assets,

not ad hoc strings hidden in code. Teams need to know which prompt produced which

behavior, how changes affect metrics, and how to roll back safely if performance regresses.

A strong interview answer connects prompt management to software discipline: version

control, evaluation gates, experiment tracking, and reproducibility.

\ J
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Q88. What is prompt injection and why is it dangerous?

— R

Prompt injection happens when untrusted content instructs the model to ignore or override
the intended policy. This is dangerous in RAG and tool-using systems because retrieved
documents, web pages, or user inputs may contain text crafted to manipulate the model’s
behavior.

The important point is architectural. You cannot solve prompt injection with wording
alone. You need tool restrictions, trust boundaries, sanitization strategies, and defenses

that treat external text as untrusted data rather than privileged instructions.
.

~

Q89. How do you evaluate whether a prompt change is actually better?

— R

Evaluate prompt changes on a fixed, representative test set with task-specific metrics such
as accuracy, groundedness, format validity, refusal correctness, or reviewer preference. Ad
hoc spot checks are useful for exploration but insufficient for release decisions.

In interviews, emphasize controlled comparison. Prompt quality should be tested the way
you would test any other system behavior: with baselines, datasets, acceptance criteria,
and rollback plans.

~

J
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Q90. When do prompts stop being enough and a stronger intervention
become necessary?

T N

Prompts stop being enough when the task requires domain adaptation, low latency,

strict consistency, or behavior that the base model repeatedly fails to internalize from
instructions alone. At that point, you may need better retrieval, stronger constraints,

fine-tuning, specialized tools, or a smaller dedicated model.

The senior answer is that prompt engineering is powerful but not unlimited. It is one control
surface among several. Mature teams know when to move the problem to architecture,

data, or model adaptation.

g J
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Chapter 11

Multimodal Large Language Models

J

\_

Chapter overview. Multimodal models extend language interfaces beyond text by
incorporating images, audio, video, or other modalities into the same reasoning loop. The
technical challenge is not only to encode each modality, but to align their representations so
the system can ground language in non-text evidence. CLIP demonstrated how image-text
alignment could support strong zero-shot transfer, and later multimodal instruction tuning
systems pushed this further into chat-style interaction (Radford et al., 2021; Liu et al.,
2023).

Interviewers often use multimodal questions to see whether a candidate can transfer LLM
intuition into a broader systems setting where perception, grounding, and evaluation

become more complex.

Interview Anchor

What the interviewer is really testing. Can you explain how multimodal systems align
images or other signals with language without turning the explanation into buzzwords?
Strong answer pattern. Describe modality-specific encoders, alignment into a shared
representation space, and language-side reasoning over the fused signal.

Common miss. Do not imply that images are simply “turned into text.” Explain

representation alignment and limits.
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INTERVIEW CHEATSHEET ~N

Signal to hit Multimodal systems align different data types so language

reasoning can operate over more than text alone.

Best example Image understanding pipelines often use a vision encoder plus
language model rather than a single monolithic black box.

Follow-up angle Mention alignment, instruction tuning, and evaluation on both

perception and reasoning tasks.

What seniors add  They distinguish perception errors from downstream reasoning

CIrors.

Red flag Assuming multimodal quality is evaluated the same way as

text-only quality.

What Strong Candidates Sound Like

One sentence you can say in an interview. “A multimodal model succeeds only
when representation alignment and reasoning both work, because perception mistakes
propagate into every downstream language answer.”

The multimodal architecture figure helps translate a broad concept into a reusable engineering pattern.
The key idea is alignment: different input types must be encoded into a shared space before language-side
reasoning becomes useful.

[ Image HVjSion encoder]—b[Adapter / projectorHLanguage model]—»[ Response }
I\
Text prompt

Figure 11.1: A common multimodal architecture pattern: encode, align, then reason in language space.
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Q91. What is a multimodal LLM?

T .

A multimodal LLM is a system that can process and reason over more than one input

or output modality, such as text plus images or text plus audio. The language model
usually remains central, but it is connected to additional encoders or adapters that convert
non-text inputs into representations the model can use.

A strong answer notes that multimodality is not just ’adding images.” It is about aligning
representations across modalities so the system can answer grounded questions rather

than hallucinating from text priors alone.
\. J

Q92. What is the common architecture pattern behind text-image
systems?

e N

A common pattern is a vision encoder that converts the image into embeddings, followed by

a projection or adapter that maps those embeddings into a space the language model can
consume. The LLM then conditions on both text tokens and image-derived representations
when generating a response.

In interviews, the key is to explain the bridge. The language model is not natively reading

pixels; another model turns pixels into a form the LLM can reason over.
g J
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Q93. Why is CLIP important in the history of multimodal systems?

T .

CLIP showed that image and text representations can be aligned through contrastive

learning on large-scale paired data. That made zero-shot vision tasks much more practical
and demonstrated the power of natural language as a supervision signal for perception
models.

Its importance is conceptual as much as empirical. It helped establish the idea that aligned
representation spaces can support flexible multimodal reasoning and retrieval rather than
narrow fixed-label vision systems (Radford et al., 2021).

Q94. What does visual grounding mean in a multimodal model?

T N

Visual grounding means the model’s language output is actually tied to the image evidence

rather than being generated from language priors or stereotyped assumptions. A grounded
answer about a chart, receipt, or photograph should reflect what is present in the image,
not what is merely plausible in general.

In interviews, say that grounding is the core trust problem in multimodal AI. Fluency

without grounding produces very convincing errors.

- J
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Q95. When should you rely on OCR versus native vision-language
understanding?

— R

OCR is often useful when the image is primarily text, such as documents, forms, receipts,
or screenshots. Native multimodal models are more valuable when spatial layout, objects,
relationships, and mixed visual-text cues matter together.

Many strong systems combine OCR and multimodal reasoning instead of treating them

as mutually exclusive.

-

The practical answer is to choose the tool that best matches the information source.

Q96. How does multimodal prompting differ from text-only prompting?

— R

Multimodal prompting must direct the model not only on what to answer but also on
what visual evidence to inspect. Good prompts often specify the task, the level of detail
needed, and whether the model should prioritize text in the image, object relationships,

layout, or visual anomalies.

The same principle still applies: clear tasks beat vague requests. But multimodal prompting

also needs awareness of perception limits, image quality, and the possibility that some

requested details are simply not visible.

\

J
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Q97. How do you evaluate a multimodal system?

T .

Evaluation should measure grounded correctness, not just fluency. Depending on the task,

that may include answer accuracy, object or attribute correctness, OCR fidelity, spatial
reasoning performance, refusal behavior when the image is unclear, and human preference

on usefulness.

In interviews, say that multimodal evaluation usually requires task-specific datasets plus
manual review because many failures are subtle and cannot be detected by string matching
alone.

- J

Q98. What are common failure modes in multimodal LLMs?

T .

Common failures include hallucinating unseen objects, misreading small text, losing spatial

relationships, confusing charts, overtrusting noisy OCR, and answering beyond what the
image actually supports. Distribution shift is also severe because real-world images differ
from curated benchmark data.

A senior answer adds that multimodal failures are especially dangerous because users may
assume ’the model saw the image, so it must know.” Grounding and abstention matter
even more here.
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Q99. How do audio and video change the design compared with static
images?

T N

Audio and video introduce time, so the system must model sequences of frames or acoustic

features as well as their relationship to language. That increases compute cost and raises
additional alignment questions, such as what moment in the video supports the answer.

In interviews, show that you understand the systems consequence: temporal modalities
require sampling, segmentation, synchronization, and often hierarchical reasoning rather
than one-shot encoding.

g J

4 )
Q100. Which multimodal use cases usually deliver the best business

value first?
\_ J

=T .

The best early use cases are often those where grounding is clear and the workflow has

measurable value: document understanding, screenshot support, visual quality inspection,
chart explanation, medical imaging assistance with human oversight, and accessibility-
oriented image description.

A strong interview answer focuses on use cases where multimodality adds nontrivial
evidence, not on adding images for novelty. The business value comes from grounded
perception in places where text alone is insufficient.
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Chapter 12

Custom Embeddings and Retrieval
Optimization

Chapter overview. Off-the-shelf embedding models are often surprisingly strong, but
retrieval quality can plateau when the domain language is highly specialized. Custom
embeddings become relevant when a system must distinguish subtle legal concepts, medical
terminology, internal product names, or multilingual enterprise jargon that generic models
only partially capture.

This chapter focuses on when and how to adapt representation quality: data selection,
negatives, multilinguality, migration, thresholds, and operational monitoring. The key

theme is that retrieval quality is rarely fixed; it can be systematically improved.
& J

Interview Anchor N

What the interviewer is really testing. Whether you know when the default embed-
ding model is good enough and when custom optimization is justified.

Strong answer pattern. Start with evaluation gaps, then explain custom embeddings,
domain adaptation, negative mining, reranking, and metadata-aware retrieval.

Common miss. Candidates often jump to training before proving that chunking, query

reformulation, or reranking could not solve the issue more cheaply.
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INTERVIEW CHEATSHEET ~N

Signal to hit Retrieval optimization should be driven by measurable relevance

gaps, not by instinct to fine-tune everything.

Best example Domain jargon, abbreviations, or entity-heavy corpora often
reveal when general-purpose embeddings are insufficient.

Follow-up angle Mention hard negatives, reranking, metadata filters, and query
expansion.
What seniors add  They compare quality gain against indexing complexity and

maintenance burden.

Red flag Training a custom embedding model before building a
trustworthy offline benchmark.

\. J

The optimization ladder table is included to show that better retrieval usually comes from stacked
improvements rather than a single magical tweak. Each rung represents a practical lever teams can test

and measure.

Table 12.1: A practical optimization ladder for retrieval quality

Step Example action Why it often comes earlier

Data hygiene Better chunking and Cheap, high-leverage, and easy to validate.
document cleanup

Ranking Add a reranker or Often improves precision without retraining
metadata-aware embeddings.
filters

Query strategy Reformulate query Helps recall on short or ambiguous queries.
or add hybrid search

Custom training Domain-adapt Best once earlier levers are exhausted and

embedding model benchmarks prove the gap.

What Strong Candidates Sound Like

One sentence you can say in an interview. “Custom embeddings are worth the effort
only after cheaper relevance levers are measured and exhausted against a benchmark that
reflects the real workload.”
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Q101. Why would a team choose custom embeddings instead of a
general embedding model?

— R

A team chooses custom embeddings when domain-specific distinctions matter more than
general semantic similarity. In medicine, finance, law, or internal enterprise knowledge, the
difference between near-synonyms may carry major consequences. A generic embedding

model may collapse distinctions that your application cannot afford to lose.

In interviews, say that custom embeddings are justified when evaluation shows repeated
domain misses and the value of better retrieval exceeds the cost of training, serving, and

migrating the index.

-

\

J

Q102. What are the main approaches to domain adaptation for
embeddings?

— R

Common approaches include continued pretraining on domain text, supervised contrastive
training on labeled query-document pairs, hard-negative mining, and task-specific fine-
tuning for retrieval or similarity objectives. The right approach depends on the amount
and quality of supervision available.

A strong answer is that domain adaptation should be driven by retrieval errors you can
name. If the system is missing exact domain distinctions, you need data and objectives
that teach those distinctions explicitly.

~N

J
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Q103. Why are hard negatives important when training retrieval
embeddings?

T N

Hard negatives are non-relevant items that look deceptively similar to the query. They
force the model to learn fine-grained distinctions instead of relying on superficial cues.
Without them, the model may learn an overly easy boundary and perform poorly in

realistic retrieval settings.

In interviews, explain that easy negatives teach separation; hard negatives teach precision.

The latter are usually more valuable once the basics are working.

g J

Q104. Which training losses are common for embedding fine-tuning?

e N

Contrastive, triplet, and multiple-negatives ranking losses are common because they
directly optimize the geometry of relevant and non-relevant pairs in embedding space.
The exact loss matters less than whether it aligns with the retrieval behavior you want.

A strong interview answer is that the loss should be evaluated through downstream ranking
quality, not chosen because it is fashionable. Retrieval is the target behavior, so training

should be judged by retrieval metrics.
- J
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Q105. How do you represent long documents when one embedding is not
enough?

T N

Long documents are usually split into chunks because compressing an entire long document
into one vector often loses too much detail. Chunk-level retrieval preserves granularity, and
document-level reasoning can happen later through aggregation, reranking, or generation
over the selected passages.

In interviews, explain the hierarchy clearly: embed chunks for retrieval, then reconstruct
document-level understanding from the relevant pieces. That is usually more effective

than one-vector-per-document strategies.

g J

Q106. What special considerations apply to multilingual embedding
systems?

T .

Multilingual systems need representations that align related meaning across languages
while still preserving language-specific distinctions. You also need evaluation in each target
language, because strong FEnglish performance does not guarantee strong cross-lingual

retrieval.

A good interview answer mentions language coverage, script normalization, and whether

the application needs same-language retrieval, cross-language retrieval, or both. These are

different tasks with different failure modes.
_ J
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Q107. How do index compression and quantization affect retrieval
quality?

e N

Compression and quantization reduce memory and improve speed, but they can slightly

distort vector distances. In many systems the trade-off is worthwhile, especially when the
recall loss is small compared with the operational gain.

The interview-safe answer is to frame this as engineering economics. You test whether a

cheaper representation still preserves enough of the ranking signal to meet product goals.

N J
4 )
Q108. How should you choose similarity thresholds in retrieval systems?
\_ J

— R

Thresholds should be chosen from validation data, not intuition. The right threshold
depends on the embedding model, the corpus, and what happens downstream when
retrieval is too broad or too narrow. A threshold that maximizes offline recall may still
hurt answer quality if it floods the model with weak context.

In interviews, say that thresholds are part of the pipeline policy. They should be tuned
jointly with reranking, answer generation, and abstention behavior.

g J
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Q109. How do you monitor retrieval drift after deploying custom
embeddings?

e N

Monitor query distributions, nearest-neighbor patterns, recall on canary sets, click or
acceptance behavior, and the rate of irrelevant contexts reaching the generator. Drift
can come from changes in user language, data ingestion, new product terms, or updated

business processes.

A strong answer is that retrieval systems need ongoing observation because their environ-
ment changes even when the model does not. Representation quality is not a one-time

achievement.

- J

Q110. What should a team plan for when migrating from one embedding
model to another?

T .

Model migration usually requires re-embedding the corpus, validating new retrieval

behavior, and potentially recalibrating thresholds and rerankers. During the transition,
many teams dual-run both indexes so they can compare results and de-risk rollout.

In interviews, show that you think operationally. Changing the embedding model is not

just swapping one API call; it is a data migration and quality management exercise.

- _J
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Chapter 13

Fine-Tuning, PEFT, and Adaptation
Strategies

Chapter overview. Foundation models start broad, but production systems often need
narrower behavior: better instruction following, domain adaptation, lower latency, or
more stable outputs. Fine-tuning is one route to that specialization, but it exists on a
spectrum that includes supervised fine-tuning, instruction tuning, preference optimization,
and parameter-efficient adaptation such as LoRA (Ouyang et al., 2022; Hu et al., 2021).
The strongest interview answers separate what fine-tuning can fix from what it cannot.
Fine-tuning is powerful for behavior shaping and specialization, but it does not replace

retrieval quality, evaluation discipline, or product-level control.
& J

Interview Anchor N

What the interviewer is really testing. Can you compare prompt engineering, PEFT,

LoRA, QLoRA, and full fine-tuning with a budget-aware engineering lens?

Strong answer pattern. Start with the behavior gap you need to close, then discuss
adaptation strength, data quality, compute cost, portability, and operational risk.
Common miss. Do not present LoRA or QLoRA as universally superior. They are

strong trade-offs, not universal answers.
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INTERVIEW CHEATSHEET N

Signal to hit Adaptation strategy should match behavior gap, compute budget,

latency target, and deployment flexibility.

Best example Use prompt and retrieval improvements first, then PEFT when

you need persistent behavior change with moderate cost.

Follow-up angle Mention catastrophic forgetting, evaluation sets, and rollback
strategy.

What seniors add  They discuss deployment and governance, not only training
mechanics.

Red flag Fine-tuning before proving the issue is not actually a retrieval or

prompt-design problem.

L J

This adaptation-choice table belongs here because interviewers often ask for the boundary between
prompting, PEFT, and full fine-tuning. The rows help turn that answer into a principled decision instead
of a preference statement.

Table 13.1: Choosing among prompt changes, PEFT, and full fine-tuning

Option Best when Trade-off

Prompt and Behavior gap is Fastest and safest, but limited for deeper style or
retrieval updates mostly instruction  policy adaptation.
or evidence related

LoRA You need persistent  Good balance of quality and efficiency for many
behavior change enterprise cases.
with manageable
compute

QLoRA Hardware is Attractive for experimentation, but still requires
constrained and disciplined evaluation.
memory matters

Full fine-tuning Task is critical and Highest cost and operational complexity.
adaptation must
be deep

This PEFT configuration snippet is useful because interviews often expect the vocabulary of adapters,

rank, alpha, and target modules. The code anchors those terms in a real configuration shape.

Python Code

from peft import LoraConfig

config = LoraConfig(
r=16,
lora_alpha=32,
lora_dropout=0.05,
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"none"

||q_proj n ||v_proj n
"CAUSAL_LM"

What Strong Candidates Sound Like

One sentence you can say in an interview. “The right adaptation method is the
cheapest one that reliably closes the measured behavior gap without creating governance

and maintenance pain.”

This adaptation figure frames fine-tuning as a ladder of intervention. It reminds the reader that prompt
changes, adapters, and full-weight updates are different operating points, not interchangeable defaults.

{ Base model HSFT / instruction tuneHPreference tuneHPolicy—ready model}

full tune or PEFT / LoRA

Figure 13.1: One simplified view of model adaptation and alignment.

The second adaptation table compares strategies in a more applied way. Use it to discuss infrastructure

load, data requirements, and deployment implications side by side.

Table 13.2: Adaptation strategies in practice

Method Best for Main trade-off

Prompting Fast iteration and  Less consistent on hard repeated tasks
changing tasks

Retrieval Knowledge Quality depends on evidence selection
grounding and
freshness

LoRA / PEFT Efficient domain or Still needs data, evaluation, and model
task adaptation management

Full fine-tuning Maximum Highest compute and maintenance cost
specialization
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Q111. What is the difference between full fine-tuning and
parameter-efficient fine-tuning?

e §

Full fine-tuning updates all or most model weights, which can deliver strong adaptation

but is expensive in compute, memory, and deployment complexity. Parameter-efficient
methods update only a small subset of parameters or add lightweight trainable modules,
making adaptation much cheaper.

In interviews, say that PEFT methods are attractive when you need many task variants,
faster iteration, or lower serving overhead. Full fine-tuning is still valuable when maximal

task adaptation is required and resources allow it.

- J

Q112. What are LoRA and QLoRA, and how do they differ?

e .

LoRA, or Low-Rank Adaptation, freezes the base model and learns small low-rank update

matrices that modify selected transformer weights efficiently. QLoRA keeps the same
basic adapter idea but combines it with low-bit quantization of the frozen base model so
much larger models can be fine-tuned within limited memory budgets.

The practical difference is that LoRA focuses on reducing trainable parameters, while
QLoRA also focuses aggressively on reducing memory footprint during training. That is
why QLoRA became so useful for adapting large open models on modest hardware (Hu et

al., 2021; Dettmers et al., 2023).
\ J

The LoRA example expands the configuration idea into a minimal workflow. It helps the reader see the
path from adapter setup to trainable-parameter selection without getting lost in framework boilerplate.

Python Code

from transformers import AutoModelForCausalLM

from peft import LoraConfig, get_peft_model

base_model = AutoModelForCausalLM.from_pretrained("meta-1llama/Llama-3.1-8B")

config = LoraConfig(
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Q113. What is the difference between supervised fine-tuning, instruction
tuning, and preference optimization?

~N

Supervised fine-tuning teaches the model from input-output pairs. Instruction tuning is a
specialization of that idea where tasks are framed as natural-language instructions so the
model becomes better at following requests across tasks. Preference optimization uses
ranked or comparative feedback to push the model toward outputs humans prefer.

A strong answer is that these methods shape different aspects of behavior. SF'T teaches
task patterns, instruction tuning broadens usability, and preference methods improve

helpfulness, safety, or style beyond plain imitation (Ouyang et al., 2022).

Q114. What is model distillation and when is it useful?

~

Model distillation trains a smaller student model to imitate a larger teacher model, often
by learning from the teacher’s soft probability distribution rather than only from hard
labels. The goal is to preserve much of the teacher’s behavior while reducing latency,

memory use, and deployment cost.

Distillation is useful when the production constraint is not only accuracy but also efficiency.
It is common in mobile, edge, or high-throughput systems where a frontier model is too
expensive to serve directly. In interviews, distinguish distillation from PEFT: distillation
creates a new smaller model, while PEFT adapts an existing large model more cheaply
(Hinton et al., 2015).

91 AT Engineering Insider



Language Models Interview Handbook Lamhot Siagian »

Q115. When is fine-tuning actually worth the effort?

T .

Fine-tuning is worth it when prompting and retrieval have plateaued, the task is stable,

labeled data is available, and the business case rewards tighter consistency or lower cost

per request. It is especially compelling when the same behavior must be repeated at scale.

In interviews, show restraint. Fine-tuning is not automatically the next step after a weak
prompt. Sometimes the real issue is poor data, bad chunking, or missing tools.

- J

Q116. What makes a fine-tuning dataset high quality?
J

T §

High-quality fine-tuning data is clear, representative, correctly labeled, diverse across edge

cases, and aligned to the exact behavior you want in production. A small clean dataset is
often more valuable than a large noisy one because the model will faithfully learn your
inconsistencies too.

The best interview answer is that data quality defines the ceiling. Fine-tuning amplifies
the pattern in the data; it does not invent a better target than the one you provide.

- J
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Q117. What is catastrophic forgetting and why does it matter?

T .

Catastrophic forgetting happens when fine-tuning pushes the model so strongly toward a

new domain or task that it loses useful general capabilities it previously had. This matters
when the product still relies on broad reasoning, style range, or knowledge outside the
fine-tuned examples.

In interviews, mention mitigation strategies such as balanced data mixes, lighter adaptation
methods, and evaluation across both new and retained capabilities. Good specialization

should not unnecessarily destroy general competence.
\. J

Q118. How should you evaluate a fine-tuned model before release?

T .

Evaluate both target-task gains and unintended regressions. That includes task accuracy,

safety behavior, formatting stability, refusal correctness, latency, and generalization to
realistic prompts rather than only training-like examples.

A mature answer is that evaluation should compare the fine-tuned model against the
baseline model and the cheapest non-fine-tuned alternative. Otherwise you cannot tell
whether fine-tuning truly earned its complexity.
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Q119. How does alignment relate to fine-tuning?

T .

Alignment refers to shaping the model so its behavior better matches human intent,

safety requirements, and product policy. Fine-tuning is one mechanism for alignment, but
alignment also depends on preference data, guardrails, tools, retrieval constraints, and
evaluation methods.

In interviews, explain that alignment is broader than politeness or refusal. It is about

steering the model toward useful, appropriate, and policy-consistent behavior in the

context of real applications.
\_ J

Q120. What are the main cost trade-offs in fine-tuning projects?

T .

The main costs include data creation, training compute, evaluation effort, model storage,

serving complexity, and operational maintenance across versions. These costs are justified
only if the fine-tuned model delivers measurable gains in quality, speed, or cost efficiency

over prompting alone.

A strong answer is that fine-tuning has both upfront and lifecycle costs. Teams sometimes
focus on training cost and forget the long-term burden of managing multiple adapted
models.
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Q121. When should a team avoid fine-tuning altogether?

T §

A team should avoid fine-tuning when the task changes rapidly, the dataset is weak, the

behavior is mostly knowledge retrieval rather than skill adaptation, or the product can
be solved with better prompting, retrieval, or tool use. Fine-tuning can add complexity
without solving the actual bottleneck.

In interviews, this answer signals discipline. Good engineers do not optimize the wrong
layer of the stack.
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Chapter 14

Optimization and Math Foundations
for Language Models

J

\.

Chapter overview. Interviewers often use mathematical questions to test whether a
candidate truly understands why transformers work rather than simply repeating system-
design vocabulary. The goal is rarely to derive every equation from memory. Instead, it is
to show that you understand how attention scores become probabilities, how gradients
propagate through embedding tables and linear layers, and why certain functions such as
cross-entropy or KL divergence appear so often in training pipelines.

This chapter focuses on the handful of mathematical tools that repeatedly surface in
LLM work: softmax, dot products, cross-entropy, gradients, Jacobians, eigen-analysis, KL
divergence, and activation derivatives. The strongest answers explain what the equation
means operationally and why an engineer should care.

~

Interview Anchor

What the interviewer is really testing. Whether you can explain the training loop
and optimization choices without losing the practical engineering thread.

Strong answer pattern. Define the mathematical object, explain what the optimizer is
trying to reduce, and then connect that to hardware efficiency, stability, and generalization.
Common miss. Avoid turning the answer into isolated formulas without saying why
they matter in real systems.
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INTERVIEW CHEATSHEET N

Signal to hit Optimization explains how model parameters move from random

initialization toward useful behavior under compute constraints.

Best example Cross-entropy, gradients, batch size, and learning rate all matter
because they shape stability and convergence speed.

Follow-up angle Mention gradient accumulation, optimizer choice, and mixed

precision.
What seniors add  They link math choices to serving cost and model quality.

Red flag Quoting equations without tying them to training dynamics or

failure modes.

\. J

What Strong Candidates Sound Like N

One sentence you can say in an interview. “The math matters because every

optimization choice affects not only training loss but also stability, hardware efficiency,

and what quality level is economically reachable.”
\ J

The optimization figure below reduces the training loop to its core mechanics. It is included so the later
math discussion stays attached to gradient flow, loss signals, and parameter updates rather than floating
as abstract formulas.

-

-~ backpropagation ~~< _

[ Inpuj/%[ Linear }—>[ Softmax H\\Loss }
’ ~

Figure 14.1: A minimal forward-and-backward training view.
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Q122. How is the softmax function used in attention?

T .

Softmax converts raw similarity scores into a normalized distribution over tokens. In

self-attention, the model computes similarity scores between a token’s query vector and
the key vectors of other tokens. Softmax then turns those scores into weights that sum to
one, allowing the model to blend value vectors proportionally rather than making a hard
one-token choice.

The practical intuition is that softmax makes attention differentiable and comparable
across candidates. Without it, attention scores would be unbounded and much harder to

interpret as relative importance.

Q123. Why does the dot product appear in self-attention?

=T .

The dot product provides a fast measure of alignment between two vectors. In attention,

the query-key dot product says, in effect, “How relevant does this other token look to the
current token?” Larger values imply stronger alignment and therefore larger attention
weights after softmax.

A good interview answer also mentions scaling. Because raw dot products grow with
vector dimension, transformers divide by the square root of the key dimension to keep the

scores numerically stable during training (Vaswani et al., 2017).

- J
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Q124. Why is cross-entropy the standard loss for language modeling?

T .

Cross-entropy measures how well the predicted probability distribution matches the true

target distribution. In next-token prediction, the true distribution places almost all
probability mass on the correct next token, and cross-entropy penalizes the model when it
assigns that token too little probability.

Engineers like cross-entropy because it gives clear gradients, works naturally with softmax
outputs, and aligns training with probabilistic prediction quality. When people mention
perplexity, they are usually talking about an exponential transform of average cross-

entropy.
\ J

Q125. How are gradients computed for embeddings during
backpropagation?
J

T .

Each token lookup selects a row from the embedding matrix. During backpropagation,

the loss gradient flows backward into the rows that were used in the forward pass. The
optimizer then updates those rows so future occurrences of similar contexts produce better
predictions.

The intuition is simple: the embedding table is just another trainable parameter matrix.
The main difference is sparsity. Only the embeddings for tokens present in the batch
receive direct updates on that step.

- J
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Q126. What does the Jacobian matrix represent in deep learning?

T .

The Jacobian matrix contains all partial derivatives of a vector-valued function with

respect to its inputs. In deep learning, it tells you how small changes in each input
dimension affect each output dimension. That matters when a layer transforms one vector
into another and gradients must be passed back accurately through the transformation.

Interviewers do not always want a full derivation. Often they want to see whether you
understand that backpropagation through vector functions depends on structured partial

derivatives rather than a single scalar slope.
\. J

Q127. How do eigenvalues and eigenvectors connect to dimensionality
reduction?

g N

In dimensionality reduction methods such as PCA, eigenvectors identify directions of

variation in the data, and eigenvalues tell you how much variance each direction explains.
Keeping the leading eigenvectors lets you compress the data while preserving as much of
the important structure as possible.

In LLM practice, you do not usually compute PCA inside a transformer. But the idea
still matters for understanding why lower-dimensional projections, latent spaces, and

compressed feature representations can retain useful structure.

- J
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Q128. What is KL divergence and when is it useful in LLM training?

— R

.

KL divergence measures how one probability distribution differs from another. In LLM
work, it appears when comparing a model’s predicted distribution to a reference distribu-
tion, distilling a student model from a teacher, or constraining an updated policy so it
does not drift too far from a baseline.

A strong answer is that KL divergence is not a symmetric distance but a directional
penalty. It matters because language-model training and alignment often depend on
keeping distributions close in a controlled way rather than only maximizing pointwise
accuracy.

~

Q129. Why does the derivative of ReLU matter in deep networks?

— R

ReLU outputs zero for negative inputs and passes positive inputs through unchanged.
Its derivative is therefore zero on the negative side and one on the positive side, which
makes it computationally simple and helps gradients flow better than older saturating

nonlinearities such as sigmoid in many settings.

The practical takeaway is not that ReLU is perfect. It is that its derivative avoids some
of the severe shrinking behavior that made earlier deep networks hard to optimize. That
historical lesson still matters when discussing vanishing gradients.
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Q130. How does the chain rule make backpropagation possible?

~

Neural networks are compositions of many functions. The chain rule lets us compute the
derivative of the whole composition by multiplying local derivatives step by step from the
output layer back to the input. Backpropagation is essentially the efficient bookkeeping of
that repeated chain-rule application.

In interviews, frame the chain rule as the logic that turns deep models from black boxes
into trainable systems. Without it, there would be no practical way to assign credit or

blame to earlier layers for a final prediction error.

N\ J

Q131. How do residual connections and normalization help with
vanishing gradients?

T §

Residual connections create short paths through which gradients can flow directly, re-

ducing the chance that the signal disappears as it moves backward through many layers.
Normalization helps keep activations and updates in stable numerical ranges, making
optimization less brittle.

Transformers benefit from this combination because deep attention stacks would otherwise
become much harder to train reliably. A strong interview answer links the math to the
engineering outcome: these mechanisms are part of why very deep transformer models are

practical at all.

- J

This loss-function example is included to keep optimization math interpretable. The formulas matter, but

the code helps the reader tie them back to probability distributions and training signals.

Python Code

import numpy as np

target = np.array([0.0, 1.0, 0.0])
pred = np.array([0.1, 0.8, 0.1])
eps = le-12
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print "cross_entropy={cross_entropy:.4f}"
print "kl_divergence={kl:.4f}"
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Chapter 15

Text Generation, Decoding, and
Serving at Scale

Chapter overview. Generation is the visible part of an LLM system, but good generation
depends on many hidden engineering choices. Decoding controls how the next token
is selected, while serving infrastructure controls how quickly and reliably responses are
delivered under load. Research on neural text degeneration showed that naive likelihood-
maximizing decoding can produce repetitive, low-quality text, which is why modern
systems carefully tune sampling strategies (Holtzman et al., 2020).

This chapter ties model behavior to deployment reality: throughput, latency, streaming,

KV caching, quantization, long-context serving, and safety controls.
\ J

Interview Anchor N

What the interviewer is really testing. Whether you understand that decoding

quality and serving reliability are coupled decisions.

Strong answer pattern. Explain decoding controls, latency trade-offs, batching, stream-
ing, caching, and observability as one serving system.

Common miss. Candidates often answer only with temperature and top-p. Senior
answers include throughput, queueing, safety, and monitoring.

\ J
INTERVIEW CHEATSHEET N
Signal to hit Decoding is not purely stylistic; it changes quality, determinism,

speed, and user experience.

Best example The right decoding setup for deterministic extraction is very
different from exploratory brainstorming or creative writing.

Follow-up angle Mention streaming, batching, cache reuse, and service-level

objectives.

What seniors add  They describe how generation controls interact with

infrastructure cost.

Red flag Treating serving as separate from model behavior.
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What Strong Candidates Sound Like

One sentence you can say in an interview. “A good generation service balances
decoding quality, streaming responsiveness, and infrastructure efficiency because users feel
all three at once.”

This generation-service figure closes the loop from model output to user delivery. It helps the chapter

discuss decoding, serving, and monitoring as one operational path instead of three separate concerns.

[ Request H Assembly H Inference }—»{Streaming}—»[ Moderate HLogs / evals}

Figure 15.1: A simplified generation service path from request to monitored delivery.

The decoding-controls table keeps the generation chapter operational. It shows that sampling settings are
user-experience and safety levers, not merely academic parameters.

Table 15.1: Common decoding controls

Control Primary effect Practical note

Temperature Changes Lower for determinism, higher for diversity
randomness of the
next-token
distribution

Top-k Restricts Useful as a hard cap on tail exploration

candidates to the
top k tokens
Top-p Samples from a Often a strong default for natural text generation
cumulative-
probability
nucleus

Max tokens Caps output Important for cost and latency control
length
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Q132. How do temperature, top-k, and top-p change model outputs?

T .

Temperature rescales the token probability distribution, making outputs more deterministic

when lowered and more diverse when raised. Top-k limits sampling to the k highest-
probability tokens. Top-p, or nucleus sampling, limits sampling to the smallest set of
tokens whose cumulative probability exceeds p.

In interviews, explain these as decoding controls, not as magical creativity knobs. They
change the trade-off between determinism, diversity, and risk of error. Nucleus sampling
became especially important because it helps avoid low-probability tail tokens that can

degrade text quality (Holtzman et al., 2020).
\ J

Q133. How does beam search compare with greedy decoding?

J

... .

Greedy decoding always picks the single highest-probability next token at each step. Beam

search keeps several candidate continuations alive and expands them in parallel, which
gives the system a chance to recover from locally attractive but globally poor choices.

This can improve coherence in tasks such as translation or constrained generation.

The trade-off is that beam search costs more compute and still optimizes a narrow
probability objective, so it is not automatically better for all open-ended tasks. In
interviews, say that generation is a search problem: greedy decoding is the cheapest search,

while beam search is a broader but still limited search over candidate continuations.
\§ J

The sampling snippet below belongs in the serving chapter because decoding choices are product controls.

It shows how one generation call exposes temperature, top-p, and token-budget decisions at the API edge.

Python Code

from transformers import pipeline
generator = pipeline("text-generation", model="gpt2")

result = generator(

"Explain retrieval-augmented generation in simple terms:",
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"generated_text"

Q134. Why is streaming generation important in user-facing systems?

\

Streaming lets the system return tokens incrementally instead of waiting for the full
response. This improves perceived latency, keeps users engaged, and allows interfaces to

feel responsive even when the total generation time is significant.

In interviews, mention both UX and systems implications. Streaming also changes
cancellation behavior, error handling, and partial-output policies, so it is not merely a

frontend trick.

. J

Q135. How do batching and concurrency improve serving efficiency?

\

Batching allows multiple requests to share accelerator work, improving hardware utilization.
Concurrency strategies help the server manage many active sessions without starving
some users. Together they can raise throughput substantially, especially for high-volume

inference.

The trade-off is latency. Larger batches improve efficiency but may delay individual
requests. Strong interview answers frame serving as a balance between tail latency and

cluster utilization.

\ J
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Q136. What is the KV cache and why does it matter for autoregressive
decoding?

— RS N
In autoregressive decoding, the model repeatedly attends over prior tokens. The KV cache
stores previously computed key and value tensors so the system does not recompute them

for every generated token. This makes generation much faster, especially for long prompts
and long outputs.

In interviews, say that the KV cache is one of the most important serving optimizations
for decoder-only models. It converts redundant repeated computation into reusable state.

Q137. How does quantization help deploy large models?

e N

Quantization reduces the numerical precision of model weights and sometimes activations,

which lowers memory usage and can improve inference speed. This can make large models

fit on cheaper hardware or increase the number of concurrent requests a server can handle.

The interview-safe answer is that quantization is an engineering trade-off. It often delivers

major efficiency gains, but quality must be validated because aggressive compression can

degrade output fidelity on some tasks.
- J
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Q138. How should engineers think about throughput versus latency?

T .

Throughput measures how much total work the system can do over time, while latency

measures how long one request takes. Optimizing one can hurt the other. A highly batched
cluster may be throughput-efficient while still feeling slow to users.

In interviews, say that the right objective depends on the product. Internal batch workloads

may prioritize throughput; interactive copilots may prioritize first-token latency and tail

latency.
\ _J
( )
Q139. What makes long-context serving difficult?
\_ J

T .

Long-context serving is difficult because memory and attention costs grow with sequence
length, prompts are more expensive to process, and the risk of context dilution rises. Even
when a model supports long context, using all of it on every request can be wasteful or
harmful.

A strong answer connects this back to retrieval and context design. Longer context is a
capability, not a default operating mode.

- _J
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Q140. How do safety and moderation fit into generation pipelines?

T .

Safety controls can be applied before, during, and after generation. Inputs may be

screened, tools may be permission-gated, decoding may be constrained, and outputs may
be moderated or validated before delivery. In sensitive applications, unsafe or unsupported

generations should trigger refusal or human review.

In interviews, explain safety as a pipeline property rather than a single classifier. Reliable
systems layer multiple controls because no single mechanism catches everything.

- _J

Q141. How would you describe a scalable LLM generation service in
system-design terms?

T N

A scalable generation service usually includes request routing, authentication, prompt

assembly, retrieval or tool orchestration, model serving, streaming delivery, logging, caching,
safety checks, and evaluation feedback loops. It may also use tiered model routing so
simple tasks go to cheaper models and harder tasks go to stronger ones.

The best interview answer is architectural. Show that you can connect model behavior to
queues, autoscaling, observability, guardrails, and rollback strategy. That is what turns

model access into a product service.

g J
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Chapter 16

Architectures, Extensions, and
Practical Deployment

Chapter overview. By the time a team reaches production, the discussion is no longer
only about prompts and base models. Teams must decide whether sparse expert routing
is worth the operational complexity, whether structured knowledge should complement
retrieval, how to tune hyperparameters responsibly, and how to manage bias, privacy,
interpretability, and cost under real workloads. These are the topics that distinguish a
solid prototype from a durable system.

This chapter gathers concepts that frequently appear in senior interviews because they
force candidates to connect model architecture to product governance. It covers sparse
scaling through mixture-of-experts models, structured knowledge augmentation, practical
comparisons across model ecosystems, and the operational realities of deploying frontier

systems.
& J

Interview Anchor N

What the interviewer is really testing. Can you connect frontier model choices to

governance, privacy, bias, evaluation, and operational constraints in production?
Strong answer pattern. Compare the architectural option, describe its operational
value, then explain what new evaluation and governance burden it creates.

Common miss. Avoid making the deployment discussion only about compute. Mature

answers include access control, auditability, privacy, and human escalation paths.
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INTERVIEW CHEATSHEET N

Signal to hit Production success depends on the whole stack: architecture,

quality control, safety, privacy, and operational governance.

Best example A model can benchmark well and still fail in production because
permissions, freshness, or escalation rules were poorly designed.

Follow-up angle Mention MoE routing, knowledge graphs, hyperparameters, bias

evaluation, and privacy controls.
What seniors add  They separate research novelty from deployability.

Red flag Assuming the biggest model or newest architecture is

automatically the best production choice.

\. J

The deployment-governance matrix is here to make production readiness explicit. It ties architecture

decisions to policy, monitoring, incident response, and organizational ownership.

Table 16.1: A deployment governance matrix for real-world LLM systems

Area Example control ~Why it matters

Privacy Redaction, Limits leakage risk when prompts or retrieved
access control, context contain sensitive data.
data
minimization

Quality Regression sets Detects drift before users absorb the failure.
and scenario
testing

Safety Moderation, Reduces harm from unsupported or unsafe behavior.
refusal paths,
human
escalation

Operations Logging, tracing, Makes failures diagnosable instead of mysterious.
rollback,

versioning

What Strong Candidates Sound Like

One sentence you can say in an interview. ‘“The hardest deployment problems are
usually cross-layer problems, where retrieval, permissions, evaluation, and model behavior
fail together rather than one at a time.”
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Q142. What is a Mixture of Experts model and why is it attractive?

T .

A Mixture of Experts, or MoE, model contains multiple expert subnetworks and a routing

mechanism that activates only a subset of them for each token or example. This creates a
sparse architecture: the total parameter count can be very large, but the compute used

per token remains much smaller than if all parameters were active.

Interviewers like this topic because it captures a core scaling idea. You can increase
capacity without paying the full dense-compute cost on every step. Switch Transformers

made this trade-off especially influential in large-scale training (Fedus et al., 2022).

\ J

Q143. What new failure modes do MoE systems introduce?

e N

Sparse routing adds its own risks. Some experts may become overloaded while others are

underused. Training can become unstable if the router collapses onto a narrow subset of
experts. Debugging also becomes harder because quality regressions may reflect routing
behavior rather than only base-model quality.

A strong answer is that MoE models trade dense simplicity for conditional capacity.
They can be very efficient, but they need careful load balancing, routing diagnostics, and

serving-aware infrastructure.

g J
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Q144. How can knowledge graphs complement language models?

T .

Knowledge graphs represent entities and their relations in a structured form. They can

complement LLMs by providing explicit factual constraints, cleaner entity linking, and
multi-hop relational reasoning that is sometimes harder to recover from unstructured text

alone.

In practice, knowledge graphs help most when the product depends on stable entities and

relationships, such as products, people, regulations, scientific concepts, or enterprise assets.

They are especially valuable when traceability matters as much as fluency.
\. J

Q145. When does a knowledge graph help more than plain vector
retrieval?

g N

Vector retrieval is excellent for semantic similarity over text, but it can struggle when the

task depends on explicit graph structure: parent-child hierarchies, ownership chains, typed
relations, or multi-hop constraints. A knowledge graph helps when the answer depends not
only on finding relevant passages but also on navigating structured links among entities.

The strongest interview answer is comparative rather than ideological. Many strong
systems use both: vector retrieval for broad evidence discovery and graph-based reasoning

for entity-grounded logic.
- J
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Q146. What is adaptive softmax and when is it useful?

T .

Adaptive softmax speeds training for very large vocabularies by spending less computation

on rare words than on frequent words. It organizes the vocabulary into clusters so the
model can evaluate common tokens cheaply while still supporting a very large overall
vocabulary.

This matters most in large-vocabulary settings where the output layer becomes a compu-
tational bottleneck. It is less visible in interview prep than attention or LoRA, but it is a

good example of how systems efficiency and model math are deeply connected.
\. J

Q147. How do Claude-style and GPT-style ecosystems commonly differ
for developers?

e N

The most interview-safe answer is that both ecosystems provide frontier language models,

but they often differ in packaging, product defaults, tool interfaces, context-window
options, and the surrounding platform ergonomics. In real work, developers compare them
less by brand identity and more by task fit: reasoning quality, tool use, latency, context
handling, pricing, safety controls, and deployment constraints.

A good answer stays current-aware and avoids hard-coding assumptions that can change
by release. The right comparison is usually empirical: benchmark the candidate models on

your workload, your prompts, and your latency budget instead of relying on brand-level
folklore.
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Q148. Why do hyperparameters matter beyond the learning rate?

— R

.

Hyperparameters control much more than optimization speed. Batch size influences
gradient noise and hardware efficiency. Weight decay affects generalization. Sequence
length changes memory pressure. Decoding parameters change output quality. Retrieval
settings, reranker depth, and chunk size are also operational hyperparameters in real LLM
systems.

In interviews, show that you think broadly: hyperparameters are any knobs set by the
engineer rather than learned by the model. Good teams treat them as part of the system
design, not as an afterthought at the end of training.

Q149. How do you address biased or systematically incorrect outputs?

— RS

Start by making the failure concrete. Identify which groups, topics, or scenarios show
systematic problems. Then improve the stack at the appropriate layer: better data
curation, stronger evaluation sets, retrieval constraints, calibrated refusals, post-generation
validation, or targeted fine-tuning. One blanket fix rarely solves every bias or accuracy

issue.

A strong answer also includes measurement. Teams need disaggregated evaluation, rep-
resentative edge cases, and clear escalation policies. Otherwise “fixing bias” becomes a
slogan rather than an engineering process.

J
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Q150. Why are interpretability and privacy hard in LLM deployment?

— R

.

Interpretability is hard because large neural networks do not expose simple human-readable
rules for why a response emerged. Privacy is hard because the model may be asked to
process sensitive data, retrieve confidential documents, or call tools that operate on
protected systems. The combination creates a difficult governance challenge: you need
visibility and auditability without exposing more data than necessary.

In interviews, connect privacy to architecture. Access control, data minimization, logging

policy, retention, and redaction strategy are product decisions as much as model decisions.

Q151. What deployment bottlenecks do teams underestimate most
often?

— R

Teams often underestimate evaluation maintenance, prompt and model version drift,
access-control complexity, long-tail latency, and the human cost of debugging failures
that span retrieval, tools, and model behavior. Compute cost matters, but operational
ambiguity is often the more painful bottleneck.

The strongest interview answer is honest and system-wide: production LLM work is
difficult because quality depends on the whole pipeline. A model that looks excellent in a
notebook can still fail once real documents, real permissions, and real users enter the loop.

\

J
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