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CHAPTER 1

Q2. When ML is the wrong tool

Interview question
When is a heuristic or conventional software system preferable to ML.? How would you compare
expected impact with data-collection, labeling, infrastructure, and compute costs?

Interview answer: I'd reach for a plain rule-based system when the rule is stable, examples are rare,
mistakes are easy to catch, or the payoff just isn't worth the setup and running costs.

Then I weigh the full cost of ML against that simple baseline: the data work, labeling, engineering,
serving, monitoring, review, retraining, all of it. The real question isn't "Can ML solve this?" It's "Will
learning a pattern create enough value to justify the extra complexity and risk?"

Why it matters

A simple system has real strengths: predictable, easy to explain, fails fast, low latency, usually cheaper to
maintain. ML only earns its cost if it handles variation a simple rule set can't. And starting complex can
create new problems: collecting labels can change how users behave, proxy targets can bake in old bias,
and serving infrastructure adds failure modes a simple program never had.

The common mistake is comparing training cost against a "free" heuristic. The real comparison is cost
over the whole lifecycle versus value delivered.

A practical answer

I use three gates.

1. Solvability: Is there a pattern beyond a few stable rules? Are examples representative at decision time?
Is the label observable soon enough to learn from?

2. Headroom: Does the baseline leave meaningful user or business value on the table? What is the cost
per unit of harm or delay?

3. Operability: Can the result be monitored, explained where required, rolled back, and maintained as
data and behavior change?

Then I lay the comparison out side by side:

Cost or benefit Heuristic or software system ML system

Data work, labels, model development,

Initial design Rules, integration, expert review .
serving

Runtime behavior Deterministic and inspectable Statistical; confidence and drift need

monitoring

Edge cases Often predictable Unknov_vn examples may be handled
unpredictably

Maintenance Rule updates Rules, data, features, models, infrastructure

Can generalize across cases when data

Scalability of logic Can become brittle across many cases -
supports it

Rollout, shadowing, versioning, and fallback

Reversibility Often simple may be required
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Senior depth: I wouldn't just "estimate ROI" with one made-up multiplier. I'd write down the real
variables: how many decisions this touches, the expected effect per decision, what it costs to build and
run, and how long until we know if it's working. Then I'd test the shakiest assumption first, cheaply. A
two-week data audit might show the signal isn't even available. A quick rules prototype might show three
rules already capture most of the value. Either way, that changes the decision before anyone builds a
platform.

Common mistake: Defaulting to ML, when a stable rule already works, or comparing ML's full lifecycle
cost against a heuristic you're pretending is free.

If they ask a follow-up

When would you migrate a heuristic to ML? When the rules are breaking down or falling behind, the
user base is changing, a tested pattern beats the current system, and the team can actually support the new
setup. I'd keep the heuristic around as a baseline and fallback while migrating.

How do you include reputational or fairness harm? Turn it into a guardrail with a real threshold, not
just a line item in a cost model. Some harms should block launch no matter how good the average return
looks. I'd ask: who bears the risk, who decides what's acceptable, and how would we catch it getting
worse?

What if inference cost is tiny but engineering cost is large? Engineering and maintenance still count. A
cheap per-request cost doesn't mean ownership, incident response, and ongoing retraining are free. I'd
weigh the team's opportunity cost as part of the real investment.

Practice

Pick a product feature you know well. Write one heuristic for it, one outcome it could improve, and the
evidence that would justify swapping in ML. Add one fallback requirement. Keep it under two minutes.
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CHAPTER 7

Q4. Monitoring drift without immediate labels

Interview question
How do you monitor data, feature, prediction, and model-quality drift when live labels are delayed or
unavailable?

Interview answer: I'd monitor a hierarchy of signals, because no single drift metric explains production
health on its own. Data monitors cover freshness, volume, schema, missingness, and value ranges. Feature
monitors compare live distributions against the training reference, by segment. Prediction monitors track
score distribution, confidence, saturation, and policy thresholds.

When labels are delayed, I'd lean on immediate proxy signals plus whatever delayed ground truth exists:
known outcomes, human review, longer-window business metrics, partially observed tasks. Every alert
needs freshness and coverage attached to it, or it can tell me the model is bad when really it just doesn't
know much yet.

Drift signals arrive on different clocks
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lllustrative signals. Labels arrive later, so immediate drift is evidence, not proof.

lllustrative signals: input and prediction drift arrive before confirmed quality labels.

Why it matters

Delays are normal in fraud, churn, health, and recommendation systems. Waiting weeks for labels can't
protect the release that's live right now. And a proxy metric can go up even while real outcomes are
getting worse. The operational design needs to keep nowcasting, early detection, and retrospective
evaluation as clearly separate ideas.

A practical answer

I'd organize monitoring around what actually could have failed:
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Ingestion Rows, partitions, event-time lag, rejects Expected volume and seasonality

Nulls, invalid values, duplicate keys, schema

Data quality Contract and historical baseline
changes

Features rl?alfet!butlon, SIS, il SSHNETEEs, GG Training reference by segment

Predictions Score distribution, class rate, abstention rate, Expected and candidate-model ranges
output length

Outcomes Label-based quality and business KPIs Released model, with maturity window

Operations Latency, errors, saturation, dependency Service objectives

failures

The monitoring loop runs from observed production signals to diagnosis, containment, correction, and
verified recovery, with every action tied back to the specific model and data versions involved.

For delayed labels, I'd use several clocks at once. A fraud decision can be checked against a chargeback
proxy within days, and against the final outcome much later. A recommendation can use immediate
engagement first, then return or satisfaction after a longer window. I'd record the observation window and
censoring rule so incomplete outcomes never get compared against complete ones.

Thresholds should mix absolute and relative conditions. Alert when a critical invariant fails, when volume
falls outside its expected range, or when a segment's average prediction moves by more than some
amount and stays there. I'd avoid paging on every statistical wiggle, since noisy pages just train people to
ignore the system entirely.

Senior depth: A serious observability program stores a compact prediction trace: prediction time, event-
time context, model and feature versions, output, policy threshold, outcome once it's available, and
experiment assignment. That supports cohort queries and lets you recompute metrics reproducibly.
Netflix's own observability work makes the case for why teams need real visibility into ML pipelines and
the business processes around them, not just a dashboard of model metrics.

Common mistake: Either paging on every distribution change, or waiting only for delayed labels. Both
miss the layered, actionable monitoring in between.

If they ask a follow-up

What if the distribution shifts but quality does not? Treat it as a signal, not an automatic rollback
trigger. Check the important segments and outcomes, confirm the change is real and actually relevant, and
watch it for a predefined period. Rollback should follow real impact or credible risk, not just novelty.

Which drift metric do you trust first? None of them universally. Population stability or Wasserstein
distance can flag a distributional change, while missingness or a domain invariant can be more directly
actionable. I pick metrics tied to specific failure modes and check them against known incidents and
outcomes.

Practice

Practice in 60 seconds: A fraud label takes 90 days to finalize, but chargebacks show up in 14. Design an
immediate, an intermediate, and a mature monitoring layer, with one decision rule for each.
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CHAPTER 9

Q7. Tracing a fabricated RAG answer

Interview question
A user says the assistant fabricated an answer. What traces do you inspect to separate retrieval, ranking,
prompting, context, and generation failures?

Interview answer: I'd reconstruct the request as an evidence chain: source versions available at request
time, parsed chunks, candidate lists, authorization decisions, final ranking, assembled context, prompt,
model call, answer claims, citations, and downstream feedback. Then I'd label the first stage that actually
lost the required evidence.

If the correct passage never made it into the index or candidate set, that's ingestion or retrieval. If it got in
but was pushed out, that's ranking or context budgeting. If it was present and the answer still contradicted
it, that's prompting, model behavior, validation, or a source conflict. I'd protect privacy along the way and
avoid concluding "fabrication" from the final sentence alone.

Trace a fabricated RAG answer backward

) Passage Claim
Claim wron > > i ? > ? >
g retrieved? Authorized? In context? entailed?

The first failed boundary localizes retrieval, policy, assembly, or
generation.

Trace the first boundary that lost evidence, authorization, context, or entailment.

Why it matters

Users experience one response, but engineering diagnosis needs a real causal trace. A weak trace often
records nothing but the prompt and the final answer, which makes debugging depend on memory and
pushes teams toward blanket fixes like "make the model more cautious." The first broken contract is a
much better starting point than the most visible symptom.

A useful trace keeps components distinct and records decisions without needlessly duplicating sensitive
content:
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A production LLM trace follows one request end to end

Output +

Request ID »> Policy gate |» Retrieval > Model call » e
citations

Outcome

Retain enough provenance to replay the decision without indiscriminately
copying sensitive content.

A request trace connects policy, retrieval, prompt, model, output, citations, cost, and outcome.

A practical answer

First, freeze the incident. Record the request ID, time, model and prompt versions, and the relevant
release configuration. I wouldn't just immediately rerun against a mutable corpus without noting the
source might have already changed underneath me.

Then I'd work through the stages in order:

Source and ingestion: Was the document available, current, successfully parsed, and sitting in the
expected ACL and tenant partition? Do the exact snippets show up in the stored chunks?

Retrieval: Did the approved passage show up in any raw candidate list at all? Were query rewriting,
filters, embedding versions, and lexical statistics correct?

Authorization: Did a policy or tenant filter remove relevant evidence, or could missing filtering have
exposed evidence to the wrong user?

Reranking and selection: Did the passage fall below the cutoff, or lose out during a diversity
deduplication step? Did the context builder truncate the exact sentence that mattered?

Prompt: Were the system and user instructions consistent with each other? Could a retrieved
instruction have outranked the intended evidence contract? Was the question transformed in a way that
changed what it meant?

Generation: Did the model produce claims unsupported by the context it was given? Were the claims
atomic enough to inspect, or bundled into one sentence mixing supported and unsupported parts?
Citations: Did the citations actually resolve, and did the cited passage support the claim next to it? A
citation can exist and still be semantically unrelated.

Feedback quality: Did the user's report actually refer to a different answer, language, time, or
document than what's in the trace? Was the report accurate but incomplete?

7
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Then I'd build a minimal replay from the frozen artifacts, changing one variable at a time: candidate set,
context order, prompt, or model. I'd label the earliest causal break and turn it into a regression case using
the user-authorized, minimally necessary data.

Senior depth: Production traces need controlled access, retention, and redaction. I'd keep a restricted
diagnostic payload separate from routine logs, hash the stable IDs, and make access to any of it auditable.
Since traces can hold personal or confidential content, debugging access should follow the same
authorization discipline as the source corpus itself. Trace completeness needs its own monitoring too:
missing stage transitions can hide exactly the failures they were supposed to help diagnose.

Common mistake: Inspecting only the final prompt after a fabricated answer shows up, when the first
lost or unauthorized piece of evidence might sit much earlier in the trace.

If they ask a follow-up

What if the trace is incomplete? Say so plainly. Use independent signals like index build manifests,
cache keys, model gateway logs, and whatever partial user evidence exists. Mark the diagnosis
provisional, add the missing telemetry going forward, and don't overfit a fix to an incomplete
reconstruction.

Who owns the incident? Ownership follows the failed boundary, not whoever happened to deploy last.
Retrieval, platform, data, application, and security owners can all jointly own it if several contracts failed
at once.

Practice

Design a trace schema for a RAG request. Include at least ten fields, explain which ones are safe for
routine logs, and mark exactly where redaction or restricted storage kicks in.
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