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TRI CK 01 BASVIE. Al

System pronpt is a contract

Rol e + constraints in system Dynanmic input in user. Never mx them

VWHY THI S MATTERS

The system pronpt is eval uated once and cached. The user nessage is dynam c. When you pol |l ute your
system pronpt with runtime data, you |ose caching benefits, make your pronpt harder to test, and
gi ve the nodel conflicting instructions. Think of it like a class definition vs an instance call.

HOW TO APPLY I T

-> Put persona, tone, output format, and hard constraints in system

-> Put the actual user request, docunent content, or variables in user.

-> Never interpolate dynamic data into the system pronpt —that's what the user turn is for.
-> Test your systempronpt in isolation with a variety of user nessages.

WATCH QUT:

If your system pronpt contains f-strings or runtinme variables, you' ve already broken this rule.
Ref act or i medi ately.

EXAMPLE

system = """

You are a senior code reviewer.
Rul es:

- Flag security issues only

- One JSON obj ect per issue

- No prose, no expl anations

user = f"Review this: {code_snippet}"

# system = stabl e, cacheabl e contract
# user = dynam ¢ per-request input

Separating concerns = consi stent, testable, cheaper outputs.
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TRI CK 02 BASVIE. Al

One pronpt, five tasks = garbage

Chai n outputs. Each pronpt does one job. Pass the result forward.

VWHY TH S MATTERS

LLMs are autoregressive —they generate one token at a tine and can |ose track of nultiple
conpeting objectives. Wien you ask a single pronpt to sunmarize AND transl ate AND extract AND
reformat, you're betting that the nodel holds all four goals equally in mnd. It won't. Quality
degrades with each additional task.

HOW TO APPLY | T

-> Deconpose your pipeline into single-responsibility pronpts.
-> Feed the output of step N as the input to step N+1.

-> Each step is independently testable and repl aceabl e.

-> Use a smaller, cheaper nodel for sinple steps —save the frontier nodel for hard
reasoni ng.

WATCH OUT:
Chai ning adds |l atency. If speed matters, identify which steps can run in parallel and batch them

EXAMPLE

# bad: one pronpt doing too much

pronpt = "sunmarize, translate to Spani sh,
extract named entities, score sentinent,
and return everything as JSON'

# good: chained single-responsibility steps

sunmary = ||l m(sunmarize_pronpt, doc)
translated = | I n{transl ate_pronpt, sunmmary)
entities = |l mextract_pronpt, transl at ed)
out put = |l m(format_j son_pronpt, entities)

Smal | er pronpts = fewer hallucinations + isolated failure points.
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TRI CK 03 BASVE.

St op parsing. Force structure.

Define a JSON schema upfront. The nodel returns exactly what your app expects.

VHY THI S MATTERS

Free-text LLMoutput fed into a regex or string parser is a production tinme bonb. The nobdel m ght
say 'the sentinment is positive' one call and 'Positive.' the next. Your parser breaks, your
pipeline fails silently, and you spend hours debugging a formatting issue instead of inproving
your product.

HOW TO APPLY I T

-> Use response_format with json_schema (QOpenAl) or tool _use (Anthropic) to enforce
structure.

-> Define required fields, types, and enunms in your schena.

-> Val idate the parsed response agai nst your schema before passing it downstream

-> Use Pydantic nodels to auto-generate schemas from your data cl asses.

WATCH QUT
Structured output adds a small quality cost on very open-ended creative tasks. For extraction,
classification, and data tasks —always use it.

EXAMPLE

from pydantic inport BaseModel

cl ass Extracti on(BaseModel):
entities: list[str]
sentinment: str # "positive"|"negative"|"neutral"
confidence: fl oat

response = client.beta.chat.conpletions
. par se(
nodel =" gpt - 40",
messages=[...],
response_f or mat =Ext racti on

)

result = response. choi ces[0] . nessage. par sed
# result.sentinent -> guaranteed string, no parsing

Schema- enf orced output is production-ready from call one.

Al
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TRI CK 04 BASVIE. Al

Random out put s break eval s.

Lock your seed during testing. Sane i nput = sanme output = trustworthy benchmarks.

VWHY THI S MATTERS

Wthout a fixed seed, two identical pronpts can return different outputs. This nakes it inpossible
to know i f a pronpt change inproved quality or if you just got |ucky with sanpling. You need
reproduci bility to run neaningful A/B tests, regression evals, and debuggi ng sessions.

HOW TO APPLY | T
-> Set seed=42 and tenperature=0 during all devel opnent and eval uati on runs.

-> Store the seed al ongside every | ogged call so you can replay it exactly.
-> Once you're satisfied with pronpt quality, renove the seed for production variety.
-> Note: seed is best-effort on sone providers —verify determinismwth your specific nodel.

WATCH OUT
tenperature=0 alone is not sufficient for full determ nism—sonme providers use non-determnistic
sanpling even at zero. Al ways conbine with seed

EXAMPLE

# devel opnent / eval uation
response = client.chat.conpletions. create(
nodel =" gpt - 40"

messages=[{"rol e": "user", "content": pronpt}]
t enper at ur e=0, # no randommess
seed=42 # deterministic sanpling

)
# log it for replay
| og({"seed": 42, "pronpt": pronpt,
"out put": response. choi ces[0].nessage. content})

# production: renpve seed, set tenperature > 0

You cannot inprove what you cannot reproduce

for current engineers: baswe. ai TRICK 04 / 15

for students & new grads: beconmeasoftwar eengi neer.com


https://baswe.ai
https://becomeasoftwareengineer.com

TRI CK 05 BASVIE. Al

Few shot > zero-shot for edge cases

When t he task has nuance, show 2-3 exanples. Don't just describe the behavior.

VWHY TH S MATTERS

Instructions describe intent. Exanpl es denponstrate execution. For tasks with subtle output

requi renents —tone calibration, edge-case classification, domain-specific formatting —the node
| earns faster fromseeing the pattern than fromreadi ng about it. Think of exanples as in-context
fine-tuning.

HOW TO APPLY | T

-> Pick 2-3 exanples that cover your npbst common edge cases, not just the happy path.

-> Format exanples identically to your real inputs —the pattern matters.

-> Include at |east one negative or tricky exanple to bound the output space.

-> Order matters: put the nost representative exanple |ast, closest to the actual input.

WATCH OUT
More exanples = nore tokens = nore cost. 3-5 exanples is usually the sweet spot. Beyond that,
consi der fine-tuning.

EXAMPLE

prompt = """
Cl assify support ticket urgency.

Ticket: "production server is down"
Urgency: critica

Ticket: "update ny billing enmil"
Urgency: |ow

Ticket: "charts not | oadi ng on dashboard"
Urgency: medi um

Ticket: "{user_ticket}"
Urgency: """

# the nodel continues the pattern
# no instructions needed —it sees the fornmat

Exanpl es teach faster than instructions. A ways show the pattern
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TRI CK 06 BASVIE. Al

Use roles to unl ock behavi or

Telling the nodel WHO it is changes how it reasons. Be specific —not generic.

VHY THI S MATTERS

The nodel has been trained on output fromthousands of different types of experts. Wen you
specify a role precisely, you activate the rel evant know edge cluster. A vague role |ike 'hel pful
assi stant' gives you averaged, generic output. A specific role like 'staff engineer at a fintech
startup who prioritizes security' narrows the distribution significantly.

HOW TO APPLY | T
->Include seniority |evel, domain, and conpany context in the role
-> Add behavi oral constraints: 'you are direct, you don't sugarcoat, you flag risks first'.

-> Speci fy the audience: 'you are explaining this to a junior engineer' changes depth and
vocabul ary.

-> Conmbine role with goal: 'You are a technical witer whose job is to nake dense APl docs
readabl e. '

WATCH QUT:

Don't confuse role-setting with jail breaking. Roles shape reasoning style and donai n depth —t hey
don't bypass safety constraints.

EXAMPLE

# weak: generic role
system = "You are a hel pful assistant."

# strong: specific role with constraints
system = """

You are a staff-level backend engi neer
at a Series B fintech conpany.

You:

- Wite production Python, not tutorial code

- Flag security risks before anything el se

- Prefer explicit error handling over try/except
- Never use nutable default argunents

- Return only code, no expl anations

Vague rol es get vague answers. Precision unlocks expertise.
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TRI CK 07 BASVIE. Al

Retrieval context placenent matters

Put retrieved chunks at the TOP of the pronpt. LLMs attend better to early context.

VWHY TH S MATTERS

Research on 'lost in the mddle shows that LLMs recall information placed at the begi nning and

end of a |ong context w ndow nmuch better than information buried in the mddle. In RAG systens,

nost engi neers place retrieved context after the instruction —exactly where it's nost likely to
be i gnored.

HOW TO APPLY I T

-> Structure your RAG pronpt: CONTEXT first, then I NSTRUCTIONS, then QUERY.

->|f you have nultiple chunks, put the highest-relevance chunk first.

-> For very long contexts, also repeat the key fact at the end as a reinforcenent.

->Limt context to what's relevant —don't pad with lowsimlarity chunks to fill the
wi ndow.

WATCH QOUT:
More context is not always better. Irrelevant retrieved chunks add noi se and increase hallucination
risk. Set a simlarity threshold —don't retrieve below it

EXAMPLE

# bad: context buried after instructions
pronpt = f"""

Answer the user question accurately.

Be concise. Use bullet points.

Question: {query}

Context: {retrieved_chunks} <- buried

# good: context first
pronpt = f"""

Cont ext :
{retrieved_chunks}

Instruction: Answer using only the context above.
Question: {query}

Cont ext placenent directly inpacts answer accuracy in RAG pipelines.
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TRI CK 08 BASVIE. Al

Thi nk step-by-step for hard tasks

Force chai n-of -thought. Structured reasoning dramatically inproves accuracy.

VWHY THI S MATTERS

LLMs generate tokens sequentially —they don't think ahead. Wien you ask for an answer directly,
t he nodel gives you its best first guess. Wen you force step-by-step reasoning, the nodel builds
toward the answer using its own internediate outputs as context. This is especially critical for
mat h, logic, and nmulti-condition decisions

HOW TO APPLY | T

-> Explicitly define the reasoning steps in your pronpt —don't just say 'think step by
step'.

-> Ask the npdel to output its reasoning before its final answer.

-> For conpl ex decisions, use a 'scratchpad' pattern: reasoning in one field, answer in
anot her .

->1n JSON output, add a 'reasoning' key before the 'answer' key —order matters for token
generati on.

WATCH OUT:
Chai n- of - t hought adds out put tokens and therefore cost. For sinple classification tasks, it's
overkill. Reserve it for nulti-step reasoning.

EXAMPLE

# without CoT: nodel guesses directly
pronpt = "Is this code vul nerabl e? Yes or No."

# with CoT: nodel reasons to the answer

prompt = """
Anal yze this code for vulnerabilities.

Step 1: List all user-controlled inputs.
Step 2: Trace each input to its output.

Step 3: Check each path for sanitization.
Step 4: State your verdict with evidence.

Code: {code}

# structured reasoning = auditabl e out put

Chai n-of -t hought is free conpute. Always use it for hard reasoning tasks.
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TRI CK 09 BASVIE. Al

Stream for user-facing apps

Never bl ock your U waiting for full LLMconpletion. Streamfromthe first token.

VWHY THI S MATTERS

A GPT-40 call generating 500 tokens takes 5-8 seconds to conplete. Showi ng a blank screen for 7
seconds kills perceived quality. Wth streami ng, the first tokens appear in under 500nms. Users
tolerate slow typing —they won't tolerate frozen interfaces. Streamng is a UX requirenent, not
an optim zation.

HOW TO APPLY | T
-> Set stream=True on any user-facing LLM call.

-> Pi pe each chunk to the frontend via SSE (Server-Sent Events) or WbSockets.
-> Handl e streaminterruption gracefully —users cl ose tabs ni d-generation.

-> For structured output tasks, buffer the full stream before parsing JSON —don't parse
m d- st ream

WATCH QOUT:
Stream ng conplicates error handling. The HITP 200 has al ready been sent before you know if the
generation will fail. Inplenment a fallback for truncated or nalfornmed streans.

EXAVPLE

stream = cl i ent.chat. conpl eti ons. creat e(
nodel =" gpt - 40",
nessages=[{"rol e": "user", "content": pronpt}],
strean=True

)

for chunk in stream
delta = chunk. choi ces[ 0] . del t a. cont ent
if delta:
# send to frontend via SSE
yield f"data: {delta}\n\n"

# Fast APl + SSE exanpl e:
# return Stream ngResponse(streaml||n(),
# medi a_t ype="text/event-streant)

Users tolerate slow They will not tolerate frozen.
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TRICK 10 BASVIE. Al

Eval before you ship

Buil d a gol den dat aset before touching production. Vibe-checking is not eval uation.

VWHY THI S MATTERS

Pronpt engi neering without evals is guessing. You change a pronpt, it 'feels better' on 2
exanpl es, and you ship it. Then it silently regresses on 15% of real inputs you never tested. A
gol den dataset —even 20 input/output pairs —gives you a regression nunber. That nunber is the
di fference between engi neering and hopi ng.

HOW TO APPLY | T

-> Build a gol den set of 20-50 real input/expected output pairs before witing any pronpt.
-> Run your eval suite on every pronpt change before merging.

-> Track scores over time —a drop from94%to 88%is a signal, even if it 'feels fine'.
-> Use LLM as-judge for subjective quality (pass the output + rubric to a grader nodel).

WATCH QUT:

CGol den datasets go stale. Refresh them when your input distribution changes —new user segnents, new
features, seasonal content shifts.

EXAMPLE
evals = [
{"input": "classify: server is down",
"expected": "critical"},
{"input": "classify: update ny email",
"expected": "low'},
# ... 18 nore

]

def run_eval (pronpt_fn):
results = [
pronpt _fn(e["input"]) == e["expected"]
for e in evals
]
score = sun(results) / len(results)
print(f"Accuracy: {score:.1%") # e.g. 92.0%
return score

Ship with a nunber. Not a feeling.
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TRICK 11 BASVIE. Al

Negative pronpting cuts hallucination

Explicitly tell the nodel what NOT to do. Silence on edge cases = confident wong
answers.

VWHY THI S MATTERS

LLMs are trained to be hel pful, which means they'll try to answer even when they shouldn't.
Wthout a fallback instruction, the nodel will confidently fabricate an answer rather than admt
it doesn't know. Negative constraints create the perm ssion structure for the nodel to say "I
don't know —and they need that permnission explicitly.

HOW TO APPLY I T

-> Always include a "if you don't know, say X clause in systempronpts for RAG and Q%A
t asks.

-> Use 'Do NOT' |anguage for hard rules —softer phrasing like 'try to avoid' is often
i gnor ed.

-> Test your negative constraints by asking questions the nodel definitely can't answer from
cont ext .

-> Conbi ne negative pronpting with source attribution: 'cite the passage you drew from or do
not answer'.

WATCH QOUT:
Over-constraining leads to refusal on valid questions. Calibrate by testing your constraint set on a
m x of answerabl e and unanswer abl e i nputs.

EXAMPLE

system = """
You are a support agent for AcneCorp.
Answer using ONLY the provided know edge base.

If the answer is not in the know edge base:
Respond exactly: "I don't have that information.
Pl ease contact support @cnecorp. cont

Do NOT guess.
Do NOT use information fromyour training data.
Do NOT apol ogi ze —just give the fallback response.

Explicit constraints prevent confident wong answers at scal e.
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TRICK 12 BASVIE. Al

Tool calling > string parsing

Define tools so the nodel triggers actions directly. Parsing free-text intent is
brittle.

VWHY THI S MATTERS

Early LLMintegrations parsed natural |anguage output to determ ne what action to take: 'if
response contains SEARCH, run a search'. This breaks constantly. Tool calling (function calling)
inverts the pattern —you define a typed function signature, and the nodel deci des when and how to
call it. The nodel handles intent detection; your code handl es executi on.

HOW TO APPLY | T
-> Define one tool per action —don't create a nega-tool with 20 optional paraneters.

-> Use clear, descriptive tool nanes and paraneter descriptions —the nodel reads these.
-> Always handl e the case where the nodel doesn't call any tool (direct answer path).

-> For agentic systenms, expose a small, well-defined tool surface. Fewer tools = better
deci si ons.

WATCH QUT:
Tool descriptions are part of your pronpt and count toward your token budget. Keep them concise but
conpl ete —the nodel uses themto decide when to call.

EXAMPLE
tools = [{
"type": "function",
"function": {
"nane": "search_know edge_ base",
"description": "Search internal docs for an answer.",

"paranmeters": {
"type": "object",
"properties": {
"query": {"type": "string",

"description": "search terns"},
"limt": {"type": "integer",

"description': "max results, default 5"}

}

"required": ["query"]

}
}
}H

Tool calling is the correct abstraction for agentic Al systens.
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TRI CK 13 BASVIE. Al

Cache aggressively on repeat pronpts

Static system pronpts shoul d al ways be cached. Pay only for the dynam c part.

VWHY TH S MATTERS

Pronpt caching |l ets providers reuse the KV cache froma previous call if the pronpt prefix

mat ches. For apps with a | arge, stable system pronpt —a 2, 000-token RAG instruction set, a

500-t oken persona, a full docunent being repeatedly queried —caching cuts input token cost by up
to 90% and drops |atency by 30-50% on cache hits.

HOW TO APPLY I T

-> On Anthropic: add cache _control: {type: epheneral} to your system pronpt content bl ock.

-> On OpenAl: caching is automatic for pronpts over 1,024 tokens —no configuration needed.

-> Structure your pronpt so the static part comes FIRST —the cache only applies to the
prefix.

-> Monitor cache hit rates in your provider dashboard —a | ow rate neans your pronpt
structure is wrong.

WATCH QUT:

Epheneral caches expire after ~5 mnutes of inactivity. For infrequent use cases, you nay not see
cache benefits. Best RO on high-vol unme, |owvariation workl oads.

EXAMPLE

# Anthropic: explicit cache contro
response = client.nessages. creat e(
nodel =" cl aude- sonnet - 4- 5"

syst eme[
{
"type": "text",
"text": large_system pronpt, # 2000+ tokens
"cache_control": {"type": "epheneral "}

}
1.
messages=[{"rol e": "user","content": query}]

)

# check cache usage
print(response. usage. cache_read_i nput _t okens)
# cache hit = ~90% cost reduction on prefix

Cache the static. Pay only for the dynam c.
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Log 1 nputs + outputs 1 n production |

You cannot debug what you didn't |og. Every LLMcall needs an observable trace.

VWHY TH S MATTERS

LLM failures are probabilistic and hard to reproduce. A user reports a bad output —w thout | ogs,
you have no pronpt, no nmodel version, no tenperature setting, no context. You can't reproduce the
failure, which neans you can't fix it. Structured |ogging of every LLMcall is the mininum viable
observability layer for any production Al system

HOW TO APPLY | T

-> Log: pronpt, nodel, tenperature, seed, response, |atency, token counts, and tinestanp.
-> Assign a trace_id to each call so you can correlate nmulti-step pipelines.

-> Store logs in a queryable store (Postgres, BigQuery) —not just application |ogs.

-> Flag and revi ew | ow confidence or fallback responses automatically.

WATCH OUT!

Logs contain user data. |nplenment PIl scrubbing before witing to your |log store. Define a retention
policy —raw LLM | ogs grow fast.

EXAMPLE

inmport time, uuid

def Ilmcall (pronpt: str, **kwargs) -> str
trace_id = str(uuid.uuid4())
to = tine.tine()

response = client.chat.conpletions.create(
nessages=[{"rol e":"user", "content": pronpt}],
**kwar gs

)

out put = response. choi ces[ 0] . nessage. cont ent

db. I og({
“"trace_id": trace_id
"pronpt": pronpt,
"out put": out put,
"nmodel ": kwar gs. get (" nodel ")
"latency_ms": int((time.tinme()-t0)*1000)
"t okens": response. usage. t ot al _t okens
})

return out put

Oobservability is not optional. Log fromday one or debug forever.
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TRI CK 15 BASVIE. Al

Model routing cuts cost by 60%r

Not every call needs GPT-40. Route by conplexity. Reserve frontier nodels for hard
reasoni ng.

VWHY THI S MATTERS

GPT-40 costs 17x nore per token than GPT-4o-mini. |If 70% of your calls are sinple extraction,
classification, or formatting tasks —tasks a smaller nodel handles just as well —you're burning
noney. Mddel routing is the single highest-RO optimzation available to a production Al engineer
after architecture is set.

HOW TO APPLY | T
-> Cl assify task conplexity before routing —use a fast, cheap nodel to classify.

-> Define clear boundaries: sinple = extraction/format/classify, medium = sunmari zati on/ QA
hard = reasoni ng/ code.

-> Track accuracy by tier —if your 'sinple' tier degrades quality, adjust the boundary.
-> Use the frontier nodel as a fallback, not a default.

WATCH QUT:

Routi ng adds one extra LLMcall (the classifier). Make sure the cost savings fromrouting outweigh
the classifier cost. At scale they always do —verify at your vol une.

EXAMPLE
MCODELS = {
"sinmple": "gpt-40-mni", # $0. 15/ M t okens
"medi unt': "gpt- 40", # $2.50/ M t okens
"hard": "03", # $10. 00/ M t okens
}

def route_and_call (task: str) -> str:
# cheap cl assifier decides tier
tier = classify_conplexity(task) # sinple|nmediunhard
nmodel = MODELS[ti er]

response = client.chat.conpletions.create(
nodel =nodel ,
nmessages=[{"rol e": "user", "content":task}]
)
log({"task": task, "tier": tier, "nodel": nodel})
return response. choi ces[ 0] . nressage. cont ent

Intelligence tiers exist for a reason. Route intelligently —save the frontier for what needs it.
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