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Core Concepts

This section focuses on fundamental principles and advanced concepts that an experienced
developer should master.

1. Explain the attention mechanism in transformers and how it differs from self-attention
and multi-head attention.

Attention Mechanism Overview

The attention mechanism allows models to weigh the importance of different input tokens when
producing an output. It computes a weighted sum of values based on the similarity between queries
and keys.

Self-Attention

Self-attention is when the queries, keys, and values all come from the same input sequence. Each
token attends to all other tokens in the sequence to capture contextual relationships.

Attention(Q, K, V) = softmax(QK~T / sqrt(d_k)) * V
where Q = K =V = input embeddings

Multi-Head Attention

Multi-head attention runs multiple self-attention operations in parallel with different learned linear
projections. This allows the model to attend to information from different representation subspaces.

e Each head learns different aspects of relationships (syntax, semantics, long-range
dependencies)

e Outputs are concatenated and linearly transformed

e Provides richer representation than single attention

MultiHead(Q,K,V) = Concat(head_1,...,head_h)W~O
head_i = Attention(QW_i~Q, KW_i~K, VW _i™V)

The key difference: standard attention is a single operation, self-attention uses the same sequence
for Q/K/V, and multi-head runs multiple parallel attention operations with different learned
projections.

2. What is the purpose of positional encoding in transformers, and why can't we simply
use positional embeddings?

Why Positional Information is Needed

Transformers process all tokens in parallel without inherent sequence order awareness. Unlike RNNs
that process sequentially, transformers need explicit positional information to understand token
order.

Positional Encoding (Sinusoidal)

Positional encoding uses deterministic sine and cosine functions at different frequencies:

PE(pos, 2i) = sin(pos / 10000 (2i/d_model))
PE(pos, 2i+1) = cos(pos / 10000 (2i/d_model))

Advantages:

Can extrapolate to sequence lengths not seen during training
No additional parameters to learn
Relative positions can be represented as linear functions

]
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¢ Deterministic and consistent across different inputs



Positional Embeddings (Learned)

Positional embeddings are learned parameters for each position, similar to token embeddings.
Limitations:

¢ Fixed maximum sequence length during training
¢ Cannot generalize to longer sequences
¢ Requires additional parameters (max_seq_len x d_model)

Modern models like GPT use learned embeddings for better performance on fixed-length contexts,
while models requiring variable lengths prefer sinusoidal encoding. Some architectures like RoPE
(Rotary Position Embedding) combine benefits of both approaches.

3. Describe the differences between encoder-only, decoder-only, and encoder-decoder
transformer architectures. When would you use each?

Encoder-Only (e.g., BERT, RoBERTa)

Architecture: Bidirectional attention—each token can attend to all other tokens in both directions.

Use cases:
e Text classification and sentiment analysis
¢ Named entity recognition
¢ Question answering (extractive)
¢ Sentence embeddings and semantic similarity

Strength: Rich contextual understanding from bidirectional context.

Decoder-Only (e.g., GPT, LLaMA, Claude)

Architecture: Causal (unidirectional) attention with masking—each token can only attend to
previous tokens.

Attention mask:

({1, 0, 0, 01,
[1,1,0,0]
[1I 1! 1I O]I
[1,1,1,1]]
Use cases:
e Text generation and completion
¢ Conversational Al and chatbots
e Code generation
¢ Creative writing and content creation

Strength: Natural autoregressive generation, scales well with size.

Encoder-Decoder (e.g., T5, BART)

Architecture: Encoder with bidirectional attention + decoder with causal attention and cross-
attention to encoder outputs.

Use cases:

¢ Machine translation
e Text summarization
¢ Question answering (generative)
¢ Any sequence-to-sequence task

Strength: Optimal for tasks requiring both understanding (encoding) and generation (decoding) with
different input/output structures.

4. Explain the concept of temperature in LLM sampling. How does it affect output
diversity and quality?

Temperature in Sampling



Temperature is a hyperparameter that controls the randomness of predictions by scaling the logits
before applying softmax:

probability = softmax(logits / temperature)

# Example

logits = [2.0, 1.0, 0.5]
temp_0.5 = softmax([4.0, 2.0, 1
temp_1.0 = softmax([2.0, 1.0, O
temp_2.0 = softmax([1.0, 0.5, 0

.0]) # sharper
.0 .51) # original

.0 .25]) # flatter
Effects of Different Temperature Values
Low Temperature (0.1 - 0.7):

e Sharpens probability distribution

¢ More deterministic, focused outputs

¢ Higher confidence in top predictions

e Less creative, more repetitive

e Best for: factual tasks, code generation, structured outputs

Temperature = 1.0:

e Uses original model probabilities
¢ Balanced between creativity and coherence

High Temperature (1.0 - 2.0+):

Flattens probability distribution

More random, diverse outputs

Explores lower-probability tokens

More creative but potentially incoherent

Best for: creative writing, brainstorming, varied responses

Temperature = 0:

¢ Greedy decoding (always selects argmax)
e Completely deterministic

Practical Considerations

Often combined with top-p (nucleus) sampling or top-k sampling to prevent low-quality outputs
while maintaining diversity. Temperature should be tuned based on the specific task and desired
output characteristics.

5. What is the difference between fine-tuning and prompt engineering? When would you
choose one approach over the other?

Prompt Engineering

Prompt engineering involves crafting input text to guide a pre-trained model's behavior without
modifying model weights.

Characteristics:

No model training required

Immediate implementation

Zero computational cost for adaptation
Requires careful prompt design and iteration
Performance limited by base model capabilities

When to use:

¢ Quick prototyping and experimentation

e Limited training data or resources

e Task is within model's existing capabilities
¢ Need flexibility to change behavior quickly
# Example prompt engineering

prompt = """You are a medical expert.



Analyze this symptom: {input}
Provide: diagnosis, severity, recommendations"""

Fine-Tuning
Fine-tuning involves updating model weights on task-specific data.
Characteristics:

Requires labeled training data
Computational resources for training
Permanent model adaptation

Better performance on specific tasks
Can learn domain-specific knowledge

Types:

¢ Full fine-tuning: Update all parameters
e LoRA/QLoRA: Update low-rank adapters (parameter-efficient)
¢ Prefix tuning: Add trainable prefix tokens

When to use:

Consistent task-specific requirements

Have quality training data (1000+ examples)
Need optimal performance

Domain-specific terminology or behavior
Privacy concerns (on-premise deployment)

Hybrid Approach

Modern practice often combines both: fine-tune for domain adaptation, then use prompt engineering
for task-specific variations.

6. Explain the concept of Retrieval-Augmented Generation (RAG). What are its
advantages and implementation challenges?

RAG Overview

Retrieval-Augmented Generation combines information retrieval with LLM generation. The
system retrieves relevant documents from a knowledge base and includes them in the prompt
context.

Architecture

1. Query -» Embedding Model —» Query Vector
2. Query Vector - Vector DB Search = Top-K Docs
3. Retrieved Docs + Query - LLM - Response

# Simplified flow

query_embedding = embed(user_query)

docs = vector_db.search(query_embedding, k=5)
context = "\n".join(docs)

prompt = f"Context: {context}\n\nQuestion: {query}"

Advantages

Up-to-date information: Knowledge base can be updated without retraining
Reduced hallucinations: Grounds responses in retrieved facts

Source attribution: Can cite specific documents

Domain-specific knowledge: Works with private/specialized data
Cost-effective: No fine-tuning required for knowledge updates
Explainability: Retrieved documents provide transparency

Implementation Challenges

Retrieval Quality:

¢ Embedding model selection and quality



¢ Chunking strategy (size, overlap)
e Semantic vs. keyword matching trade-offs

Context Window Limitations:

e Balancing number of retrieved docs vs. context length
e Ranking and filtering retrieved content

Latency:

e Vector search adds overhead
¢ Need optimized vector databases (Pinecone, Weaviate, Milvus)

Consistency:

¢ Handling contradictory information in retrieved docs
e Ensuring retrieval relevance

Hybrid Search: Modern RAG systems often combine dense (vector) and sparse (BM25) retrieval for
better accuracy.

7. What is LoRA (Low-Rank Adaptation) and how does it make fine-tuning more efficient?

LoRA Concept

LoRA (Low-Rank Adaptation) is a parameter-efficient fine-tuning technique that freezes pre-
trained model weights and injects trainable low-rank decomposition matrices into each layer.

Mathematical Foundation

Instead of updating the full weight matrix W, LoRA adds a low-rank update:
W'=W + BA

Where:

- W: frozen pre-trained weights (d x d)

- B: trainable matrix (d x r)

- A: trainable matrix (r x d)

- r: rank (typically 4-64, much smaller than d)

For a weight matrix of size 4096x4096 with rank r=8:

e Original parameters: 16,777,216
e LoRA parameters: 2 x (4096 x 8) = 65,536
¢ Reduction: 99.6%

Advantages

Memory efficient: Only train 0.1-1% of parameters

Faster training: Fewer gradients to compute

Modular: Can swap LoRA adapters for different tasks

No inference latency: Can merge BA into W for deployment
Multiple adapters: Store many task-specific adaptations

Implementation

class LoRALayer:
def __init_ (self, in_dim, out_dim, rank=8):
self.A = nn.Parameter(torch.randn(rank, in_dim))
self.B = nn.Parameter(torch.zeros(out_dim, rank))

def forward(self, x, W):
return x @ W.T + x @ self. AT @ self.B.T

QLoRA Extension

QLoRA combines LoRA with 4-bit quantization of base weights, enabling fine-tuning of 65B+ models
on consumer GPUs.



8. Explain the challenges of deploying LLMs in production and strategies to optimize
inference latency and throughput.

Key Production Challenges

1. Latency: Autoregressive generation requires sequential token generation
2. Memory: Large models (7B-70B+ parameters) require significant GPU memory
3. Cost: GPU compute is expensive at scale

4. Throughput: Serving multiple concurrent users efficiently
Optimization Strategies

Model Optimization:

¢ Quantization: INT8/INT4 reduces memory by 2-4x (GPTQ, AWQ, bitsandbytes)
¢ Pruning: Remove less important weights

e Distillation: Train smaller models to mimic larger ones

¢ Layer sharing: Reduce parameter count

Inference Optimization:

KV Cache: Store key-value pairs from previous tokens

Flash Attention: Memory-efficient attention computation

Continuous batching: Dynamic batching of requests (vLLM, TensorRT-LLM)
Speculative decoding: Use small model to draft, large model to verify

# KV Cache example concept

for token in sequence:
# Reuse cached K,V from previous tokens
new_k, new_v = compute_kv(token)
kv_cache.append(new _k, new v)
output = attention(query, kv_cache)

Infrastructure:

Model serving frameworks: vLLM, TGI, TensorRT-LLM

GPU selection: A100/H100 for production, A10G for cost optimization
Load balancing: Distribute requests across replicas

Caching: Cache common prompts/responses

Monitoring:

Token throughput (tokens/second)
Time to first token (TTFT)

Time per output token (TPOT)
GPU utilization and memory

9. What is the difference between zero-shot, few-shot, and many-shot learning in the
context of LLMs?

Zero-Shot Learning

Zero-shot provides only task instructions without examples. The model relies entirely on pre-
training knowledge.

Prompt: "Classify sentiment: 'This movie was terrible.""

Model output: "Negative"
Advantages:

¢ No examples needed
¢ Fastest to implement
¢ Works for many common tasks

Limitations:



e Performance depends on task clarity
¢ May not understand specific output formats
¢ Less reliable for domain-specific tasks

Few-Shot Learning (In-Context Learning)

Few-shot provides 1-10 examples demonstrating the task format and desired behavior.

Prompt: """Classify sentiment:
Example 1: 'Great film!" - Positive
Example 2: 'Boring plot.' = Negative
Example 3: 'Masterpiece!' - Positive

Now classify: 'Waste of time.' » """
Advantages:

¢ Significantly improves accuracy

e Demonstrates output format

¢ Handles edge cases through examples
¢ No fine-tuning required

Considerations:

e Example selection matters (diversity, relevance)
e Consumes context window
e Example order can affect results

Many-Shot Learning

Many-shot provides dozens to hundreds of examples, leveraging larger context windows (32k-200k
tokens).

Advantages:

e Approaches fine-tuning performance
¢ Handles complex, nuanced tasks
¢ Can learn patterns from examples

Limitations:

e Expensive (more tokens processed)
e Higher latency
e Requires large context windows

Selection Guide

¢ Zero-shot: Well-defined, common tasks
¢ Few-shot: Most production use cases (3-5 examples)
¢ Many-shot: Complex tasks with available examples but no fine-tuning budget

10. Describe the key considerations for implementing guardrails and safety measures in
production LLM applications.

Why Guardrails Are Critical

LLMs can generate harmful, biased, or incorrect content. Production systems require multiple layers
of safety controls.

Input Validation (Pre-Processing)

e Prompt injection detection: Identify attempts to override system instructions
¢ Content filtering: Block harmful, abusive, or inappropriate inputs
¢ PIlI detection: Identify and handle personal information
¢ Rate limiting: Prevent abuse and control costs
# Example input validation
def validate_input(prompt):
if detect _injection(prompt):



return "Invalid request"
if contains_pii(prompt):

prompt = redact_pii(prompt)
return prompt

Output Validation (Post-Processing)

¢ Content moderation: Filter harmful outputs (OpenAl Moderation API, Perspective API)
¢ Factuality checking: Verify claims against knowledge bases

¢ Hallucination detection: Check for unsupported assertions

¢ Bias detection: Monitor for discriminatory content

Architectural Safeguards

System Prompts:

¢ Define behavior boundaries

¢ Specify prohibited topics

e Set output format requirements
Constitutional Al:

¢ Train models with explicit principles
e Self-critique and revision loops

Retrieval Constraints:

¢ Limit RAG to approved knowledge sources
e Require citations for factual claims

Monitoring and Logging

Log all inputs/outputs for audit
Track flagged content patterns
Monitor user feedback and reports
A/B test safety interventions

Human-in-the-Loop

e Review high-risk outputs before delivery
e Escalation paths for edge cases
e Continuous feedback for model improvement

Compliance Considerations

GDPR, CCPA for data privacy

Industry-specific regulations (HIPAA, financial)
Terms of service enforcement
Age-appropriate content filtering
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Data Structures and Algorithms

Questions in this section test your understanding of how to work with and manipulate data
efficiently.

1. Implement an LRU (Least Recently Used) Cache with O(1) time complexity for both get
and put operations.

LRU Cache Implementation

An LRU Cache requires a combination of a hash map (for O(1) lookup) and a doubly linked list
(for O(1) insertion/deletion). The hash map stores key-node pairs, while the linked list maintains
access order.

class LRUCache:

def _init_ (self, capacity):
self.cache = {}
self.capacity = capacity
self.head = Node(0, 0)
self.tail = Node(O, 0)
self.head.next = self.tail
self.tail.prev = self.head

Key Points:

e Most recently used items are near the head

¢ Least recently used items are near the tail

e On access, move node to head

¢ On capacity exceeded, remove tail node

2. What is the time complexity of finding all pairs in an array that sum to a target value?
Provide an optimal solution.

Pair Sum Problem

The optimal solution uses a hash set to achieve O(n) time complexity with O(n) space complexity,
compared to the brute force O(n?) approach.

def find_pairs(arr, target):

seen = set()

pairs =[]

for num in arr:
complement = target - num
if complement in seen:

pairs.append((complement, num))

seen.add(num)

return pairs

Algorithm:

e |terate through array once

e For each element, check if its complement exists in the set

e Add current element to set for future lookups

e Time: O(n), Space: O(n)

3. Explain the sliding window technique and implement a solution to find the maximum
sum of k consecutive elements.

Sliding Window Technique

The sliding window technique optimizes problems involving contiguous subarrays/substrings by
maintaining a window that slides through the data, avoiding redundant calculations.



def max_sum_k_consecutive(arr, k):
window_sum = sum(arr[:k])
max_sum = window_sum
for i in range(k, len(arr)):
window_sum = window_sum - arr[i-k] + arr[i]
max_sum = max(max_sum, window_sum)
return max_sum

Optimization:

¢ Brute force: O(n*k) - recalculate sum for each window
¢ Sliding window: O(n) - subtract left element, add right element
e Space complexity: O(1)

4. What are the differences between a stack and a queue? Implement a queue using two
stacks.

Stack vs Queue

Stack: LIFO (Last In First Out) - push/pop from same end
Queue: FIFO (First In First Out) - enqueue at rear, dequeue from front

Queue Using Two Stacks:

class QueueWithStacks:

def _init_ (self):
self.stackl =[]
self.stack2 =[]

def enqueue(self, x):
self.stackl.append(x)

def dequeue(self):
if not self.stack2:

while self.stackl:
self.stack2.append(self.stackl.pop())

return self.stack2.pop()

Time Complexity: Enqueue O(1), Dequeue amortized O(1)

5. Explain how hash tables handle collisions and compare chaining vs open addressing.

Hash Table Collision Resolution

When two keys hash to the same index, collisions occur. Two main strategies:
1. Chaining:

Each bucket contains a linked list of entries

Insert: O(1), Search: O(1) average, O(n) worst case
Memory overhead for pointers

Performance degrades gracefully

2. Open Addressing:

Find another empty slot using probing (linear, quadratic, double hashing)
Better cache locality

No pointer overhead

Requires good load factor management

Deletion is complex (requires tombstones)

Trade-off: Chaining is simpler and handles high load factors better; open addressing is more cache-
friendly.

6. Implement a function to detect a cycle in a linked list using Floyd's algorithm.
Floyd's Cycle Detection (Tortoise and Hare)

Uses two pointers moving at different speeds. If there's a cycle, they will eventually meet.

def has_cycle(head):



if not head:
return False

slow = fast = head

while fast and fast.next:
slow = slow.next
fast = fast.next.next
if slow == fast:

return True
return False

Why it works:

Slow pointer moves 1 step, fast moves 2 steps

If cycle exists, fast will lap slow inside the cycle

Time: O(n), Space: O(1)

To find cycle start: reset one pointer to head, move both at same speed

7. What is a Trie and when would you use it? Implement insert and search operations.

Trie (Prefix Tree)

A Trie is a tree-based data structure for storing strings where each node represents a character.
Ideal for prefix matching, autocomplete, and dictionary operations.

class TrieNode:
def __init_ (self):
self.children = {}
self.is_end = False

class Trie:
def _init_ (self):
self.root = TrieNode()
def insert(self, word):
node = self.root
for char in word:
if char not in node.children:
node.children[char] = TrieNode()
node = node.children[char]
node.is_end = True

Use Cases: Autocomplete, spell checkers, IP routing
Complexity: Insert/Search O(m) where m is word length

8. Explain the difference between DFS and BFS. When would you choose one over the
other?

DFS vs BFS

Depth-First Search (DFS):

e Explores as far as possible along each branch before backtracking
¢ Uses a stack (or recursion)

e Space: O(h) where h is height

¢ Good for: path finding, topological sort, cycle detection

Breadth-First Search (BFS):

e Explores all neighbors at current depth before moving deeper

¢ Uses a queue

e Space: O(w) where w is maximum width

¢ Good for: shortest path in unweighted graphs, level-order traversal

Choose DFS when: Memory is limited, need to explore all paths, or tree is very wide
Choose BFS when: Finding shortest path, tree is very deep, or need closest nodes first

9. Implement a min heap and explain its time complexities for insertion, deletion, and
peek operations.

Min Heap Implementation



A min heap is a complete binary tree where parent nodes are smaller than children, typically
implemented using an array.

class MinHeap:

def _init_ (self):
self.heap =[]

def insert(self, val):
self.heap.append(val)
self. bubble _up(len(self.heap) - 1)

def extract_min(self):
if not self.heap: return None
self._swap(0, len(self.heap) - 1)
min_val = self.heap.pop()
self._bubble _down(0)
return min_val

Time Complexities:

Insert: O(log n) - bubble up

Extract Min: O(log n) - bubble down
Peek: O(1) - access root

Heapify: O(n)

10. What is the time complexity of quicksort and merge sort? Explain when quicksort
might perform poorly.

Quicksort vs Merge Sort

Quicksort:

¢ Average: O(n log n), Worst: O(n?)

e Space: O(log n) for recursion stack

¢ In-place sorting

e Worst case: already sorted array with poor pivot selection

e Performs poorly on arrays with many duplicates or when pivot is always min/max
Merge Sort:

e Always: O(n log n) - consistent performance

e Space: O(n) for auxiliary array

e Stable sort

¢ Better for linked lists

Optimization: Use randomized pivot or median-of-three for quicksort to avoid worst case. For nearly
sorted data or guaranteed O(n log n), prefer merge sort or heapsort.
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System Design

These questions evaluate your ability to think about the bigger picture, including architecture,
scalability, and performance.

1. Design a scalable RAG (Retrieval-Augmented Generation) system for an enterprise
knowledge base with millions of documents. How would you architect it?

Architecture Overview

A production RAG system requires multiple components working together:

* Document Ingestion Pipeline: Batch processing with chunking strategies (semantic, fixed-
size, or sliding window). Use Apache Kafka or AWS SQS for queue management.

¢ Vector Database: Choose Pinecone, Weaviate, or Milvus for distributed vector storage.
Implement sharding by document type or department for horizontal scaling.

¢ Embedding Service: Deploy embedding models (e.g., text-embedding-ada-002, sentence-
transformers) behind a load balancer with caching layer (Redis) for frequently accessed queries.

¢ LLM Inference: Use model serving platforms like vLLM or TensorRT-LLM with auto-scaling
based on request volume. Implement request batching and KV-cache optimization.

¢ Retrieval Strategy: Hybrid search combining dense (vector) and sparse (BM25) retrieval with
reciprocal rank fusion.

Key Design Decisions

e CAP Theorem Trade-offs: Prioritize availability and partition tolerance (AP) for read-heavy
workloads. Use eventual consistency for document updates.

e Caching Strategy: Multi-tier caching - L1 (application cache for embeddings), L2 (Redis for
search results), L3 (CDN for static responses).

¢ Load Balancing: Use consistent hashing for embedding service to maximize cache hits. Round-
robin for LLM inference to distribute load evenly.

Scalability Considerations

// Example chunking strategy

function chunkDocument(doc, chunkSize=512, overlap=50) {
const chunks = [];
for (let i=0; i

Implement horizontal scaling with stateless services, use message queues for async processing, and
monitor with distributed tracing (OpenTelemetry).

2. How would you design a real-time LLM-powered chatbot system that handles 100,000
concurrent users with sub-second response times?

System Architecture

¢ WebSocket Gateway: Use APl Gateway with WebSocket support or deploy Socket.io clusters
behind ALB. Maintain persistent connections with connection pooling.

¢ Session Management: Store conversation history in Redis with TTL. Use session affinity
(sticky sessions) to route users to same inference server when possible.

¢ LLM Inference Layer: Deploy multiple inference servers with model replicas. Use techniques
like continuous batching, speculative decoding, and PagedAttention for throughput
optimization.

¢ Streaming Response: Implement Server-Sent Events (SSE) or WebSocket streaming to send
tokens as they're generated, reducing perceived latency.

Stateless vs Stateful Design

Hybrid Approach: Stateless application servers with stateful session storage. Each request includes
session_id to fetch context from Redis.



// Session context retrieval

async function getContext(sessionld) {
const history = await redis.Irange( session:${sessionld}", 0, -1);
return history.map(JSON.parse);

}

await redis.rpush(’ session:${sessionld} ", JSON.stringify(message));
await redis.expire( session:${sessionld}", 3600);

Performance Optimizations

¢ Request Queuing: Implement priority queues with SQS or RabbitMQ. Premium users get
higher priority.

¢ Circuit Breakers: Prevent cascade failures when LLM service is overloaded.

¢ Rate Limiting: Token bucket algorithm per user with Redis.

¢ Caching: Cache common queries and responses with semantic similarity checks.

Monitoring & Auto-scaling

Track metrics: tokens/second, p95 latency, queue depth, GPU utilization. Auto-scale inference
servers based on queue depth and GPU memory usage.

3. Design a prompt template management and versioning system for a multi-tenant LLM
application. How do you handle A/B testing and rollbacks?

Core Components

e Template Storage: PostgreSQL for structured prompt metadata (version, tenant id, status)
and S3 for actual prompt content with versioning enabled.

¢ Template Engine: Use Jinja2 or Liquid for variable interpolation with sandbox execution to
prevent injection attacks.

¢ Version Control: Implement semantic versioning (major.minor.patch) with immutable
versions. Each change creates a new version.

Multi-tenancy Architecture

// Prompt template schema

{
"template_id": "uuid",
"tenant_id": "tenant_123",
"version": "2.1.0",
"content_s3 key": "prompts/...",
"status": "active|deprecated"”,
"created_at": "timestamp"

}
A/B Testing Framework

¢ Traffic Splitting: Use feature flags (LaunchDarkly, Split.io) to route percentage of users to
variant B.

¢ Experiment Tracking: Store experiment assignments in Redis with user_id as key. Ensure
consistency across sessions.

¢ Metrics Collection: Track success metrics (task completion, user satisfaction, response
quality) in ClickHouse for fast analytics.

Rollback Strategy

Blue-Green Deployment: Maintain two environments. Route traffic gradually to new version,
instant rollback by switching routing rules.

Canary Releases: Deploy new prompt version to 5% of users, monitor error rates and quality
metrics, auto-rollback if thresholds exceeded.

Safety Mechanisms

e Prompt validation pipeline with automated testing
e Shadow mode deployment for testing without affecting users
¢ Audit logs for all prompt changes with approval workflows



4. How would you architect a fine-tuning pipeline for LLMs that supports distributed
training, experiment tracking, and model versioning?

Pipeline Architecture

¢ Data Preparation: Distributed data processing with Apache Spark or Ray. Implement data
validation, deduplication, and quality filtering. Store processed datasets in Parquet format on
S3.

¢ Training Orchestration: Use Kubernetes with Kubeflow or Ray Train for distributed training.
Support FSDP, DeepSpeed ZeRO, and Megatron-LM for large models.

e Experiment Tracking: MLflow or Weights & Biases for logging hyperparameters, metrics, and
artifacts. Track training curves, validation loss, and custom evaluation metrics.

e Model Registry: Centralized model versioning with metadata (training config, dataset version,
performance metrics). Use MLflow Model Registry or custom solution with S3 + DynamoDB.

Distributed Training Setup

// DeepSpeed config example
{
"train_batch_size": 32,
"zero_optimization": {
"stage": 3,
"offload_optimizer": {"device": "cpu"},
"offload_param": {"device": "cpu"}
}

}

radient_accumulation_steps": 4

Scalability Considerations

¢ Checkpointing: Async checkpointing to S3 every N steps. Keep last 3 checkpoints for recovery.

¢ Fault Tolerance: Elastic training with automatic recovery from node failures. Use NCCL with
fault-tolerant communication.

e Resource Management: Dynamic GPU allocation based on model size. Implement queue
system for training jobs with priority scheduling.

CI/CD Integration

Automated pipeline: data validation - training » evaluation - model registration -» deployment
approval. Use GitHub Actions or Jenkins for orchestration.

5. Design a content moderation system using LLMs that can process user-generated
content in real-time while maintaining low latency and high accuracy.

Multi-Layer Moderation Architecture

¢ Layer 1 - Fast Filters: Rule-based filters and keyword matching (milliseconds). Block obvious
violations immediately.

e Layer 2 - ML Classifiers: Lightweight models (DistilBERT, FastText) for toxicity, hate speech
detection (10-50ms). Deploy on CPU instances.

e Layer 3 - LLM Analysis: Advanced reasoning for context-dependent content (200-500ms). Use
only for flagged items from Layer 2.

¢ Layer 4 - Human Review: Queue ambiguous cases for human moderators with context and
LLM recommendations.

Real-time Processing Pipeline

async function moderateContent(content) {
if (await quickFilter(content)) return {blocked: true};

const miScore = await mlClassifier(content);
if (mlScore.confidence > 0.9) return mlScore;

const lImResult = await ImModeration(content);
return lImResult;



Stateless Design for Scalability

Deploy moderation services as stateless containers behind load balancer. Use Redis for caching
moderation decisions on similar content (semantic hashing).

Latency Optimization

¢ Async Processing: For non-blocking content (posts, not live chat), use async queues. Show
content immediately, moderate in background, remove if violates policy.

¢ Model Optimization: Quantization (INT8), model distillation, and batching for LLM inference.

¢ Edge Caching: Cache moderation decisions for duplicate content using perceptual hashing.

Accuracy Improvements

Ensemble methods combining multiple models
Context-aware moderation (user history, conversation thread)
Continuous learning from human feedback (RLHF)

A/B testing different prompts and models

6. How would you design a semantic search system for code repositories using LLMs that
can handle natural language queries and return relevant code snippets?

System Components

¢ Code Indexing Pipeline: Parse repositories using tree-sitter, extract functions/classes with
metadata (language, dependencies, docstrings). Index at multiple granularities: file, function,
and code block level.

¢ Embedding Generation: Use code-specific models (CodeBERT, StarCoder embeddings, or
OpenAl code-search-ada). Generate embeddings for code and associated documentation.

¢ Vector Database: Store embeddings in Qdrant or Pinecone with metadata filters (language,
repo, file path). Implement hierarchical indexing for faster retrieval.

¢ Query Processing: Convert natural language to vector representation. Apply query expansion
using LLM to include synonyms and technical terms.

Hybrid Search Strategy

async function searchCode(query) {
const vector = await embed(query);
const semantic = await vectorDB.search(vector, k=20);
const lexical = await elasticsearch.search(query);

return rerankResults(
fuseResults(semantic, lexical)
);
}

Retrieval Architecture

¢ Two-Stage Retrieval: Fast approximate search (ANN) retrieves top 100 candidates, then
precise reranking with cross-encoder model.

¢ Multi-modal Search: Support code-to-code, text-to-code, and code-to-text queries.

¢ Contextual Ranking: Use LLM to rerank results based on user's current file, project context,
and recent searches.

Caching and Performance

Cache popular query embeddings in Redis

Precompute embeddings for all indexed code, update incrementally
Use approximate nearest neighbor (HNSW, IVF) for sub-100ms search
Implement request coalescing for duplicate concurrent queries

Scalability

Partition index by repository or language. Use consistent hashing for query routing. Implement
incremental indexing with CDC (Change Data Capture) from Git webhooks.

7. Design a token usage tracking and billing system for a multi-tenant LLM API platform.



How do you ensure accuracy, prevent abuse, and handle rate limiting?

Metering Architecture

e Token Counting: Implement middleware that counts prompt and completion tokens using
tiktoken or model-specific tokenizers. Log every request with tenant_id, model, tokens,
timestamp.

¢ Storage Strategy: Write-heavy workload requires optimized storage. Use time-series database
(InfluxDB, TimescaleDB) for metrics. Stream events to Kafka for real-time processing and batch
to S3 for long-term storage.

e Aggregation Pipeline: Real-time aggregation with Apache Flink or Kafka Streams. Compute
running totals per tenant per hour/day. Store in Redis for fast access.

Rate Limiting Strategy

// Token bucket algorithm
class TokenBucket {
async consume(tenantld, tokens) {
const key = “bucket:${tenantid}";
const current = await redis.get(key) || O;
if (current + tokens > limit) throw new Error('Rate limit');
await redis.incrby(key, tokens);
await redis.expire(key, window);
}
}

Multi-tier Rate Limiting

¢ Requests per minute: Prevent spam and DoS attacks
¢ Tokens per day: Enforce plan limits

e Concurrent requests: Prevent resource exhaustion

e Cost per month: Budget controls with alerts

Billing System Design

¢ Usage Aggregation: Batch job runs hourly to aggregate usage from time-series DB. Calculate
costs based on pricing tiers (volume discounts).

¢ Invoice Generation: Monthly billing cycle with detailed breakdowns by model, endpoint, and
usage type.

¢ Real-time Quotas: Check quota before processing request. Reject if exceeded with clear error
message.

Abuse Prevention

¢ Anomaly detection for unusual usage patterns

e Exponential backoff for repeated violations

e Content-based throttling for suspicious prompts

¢ Require payment method verification for higher tiers

Accuracy Guarantees

Implement exactly-once semantics with idempotency keys. Use distributed transactions (Saga
pattern) for billing operations. Audit logs with cryptographic verification.

8. How would you architect a system for deploying and serving multiple fine-tuned LLM
variants with automatic model selection based on query characteristics?

Model Registry and Management

e Model Store: S3 for model weights with versioning. DynamoDB for metadata (model_id,
task type, performance_metrics, resource_requirements).

¢ Model Serving: Deploy models using TorchServe, TensorRT-LLM, or vLLM. Each model variant
runs in separate container with resource isolation.

¢ Model Router: Intelligent routing layer that analyzes incoming queries and selects optimal
model based on task classification, complexity, and latency requirements.

Query Classification Pipeline



async function routeQuery(query) {
const features = await extractFeatures(query);
const taskType = await classifyTask(features);
const complexity = estimateComplexity(query);

const model = selectModel({
task: taskType,
complexity: complexity,
latency_req: query.sla

1)

return await inference(model, query);

}
Model Selection Strategies

¢ Task-based Routing: Maintain specialist models (summarization, QA, code generation). Use
lightweight classifier to determine task type.

¢ Complexity-based Routing: Simple queries = small models (faster, cheaper), complex
queries - large models (higher quality).

¢ Performance-based Routing: Track model performance metrics per task type. Route to best-
performing model with A/B testing.

e Cost-optimization: Balance quality vs cost. Use smallest model that meets quality threshold.

Infrastructure Design

¢ Load Balancing: Weighted round-robin based on model capacity and current load. Use
Kubernetes HPA for auto-scaling.

¢ Model Caching: Keep frequently used models in GPU memory. Implement LRU eviction for
cold models.

e Batching: Dynamic batching groups similar requests to same model for throughput
optimization.

Monitoring and Optimization

Track per-model metrics: throughput, latency, quality scores, cost. Use reinforcement learning to
optimize routing decisions over time based on feedback.

9. Design a guardrails system for LLM applications that prevents harmful outputs,
ensures factual accuracy, and maintains brand voice consistency.

Multi-layer Guardrails Architecture

¢ Input Guardrails: Validate and sanitize user inputs before LLM processing. Detect prompt
injections, jailbreak attempts, and PII. Use pattern matching and classifier models.

¢ Output Guardrails: Scan LLM responses before returning to user. Check for toxicity, bias,
hallucinations, and off-brand content.

¢ Runtime Guardrails: Monitor LLM behavior during generation. Implement early stopping if
harmful content detected.

Implementation Strategy

async function safeGenerate(prompt) {
if ('await inputGuardrails(prompt)) {
return {error: 'Invalid input'};

}

const response = await IIm.generate(prompt);
const checks = await outputGuardrails(response);

return checks.passed ? response : fallbackResponse;

}
Factual Accuracy Verification

¢ Citation Checking: Require LLM to provide sources. Verify claims against knowledge base or
web search.

¢ Consistency Validation: Cross-check response with multiple models or retrieval systems. Flag
discrepancies.



¢ Confidence Scoring: Use model logits and ensemble disagreement to estimate confidence.
Add disclaimers for low-confidence responses.

¢ Fact-checking Pipeline: For critical domains, integrate with fact-checking APIs or human
review queues.

Brand Voice Consistency

¢ Style Guidelines: Encode brand voice in system prompts and fine-tuning data. Define tone,
formality level, terminology.

¢ Template Enforcement: Use structured output formats with required sections. Validate
against brand guidelines.

¢ Quality Scoring: Train classifier to detect on-brand vs off-brand content. Regenerate if score
below threshold.

Stateless Safety Checks

Deploy guardrails as stateless microservices for horizontal scaling. Cache guardrail decisions for
similar content using semantic hashing. Implement circuit breakers to prevent cascading failures.

Continuous Improvement

Collect feedback on guardrail decisions. Use active learning to improve classifiers. Regularly update
rules based on new attack patterns and brand evolution.

10. How would you design a distributed prompt caching system that reduces LLM
inference costs and latency while maintaining cache coherency across multiple regions?

Cache Architecture

¢ Multi-tier Caching: L1 (application memory) - L2 (Redis cluster per region) - L3 (global cache
with cross-region replication).

¢ Cache Key Strategy: Semantic hashing of prompts using embeddings. Similar prompts map to
same cache key even with minor wording differences.

e Storage Format: Store both prompt embedding and full response. Include metadata:
model_id, timestamp, token_count, quality_score.

Semantic Cache Implementation

async function semanticCache(prompt) {
const embedding = await embed(prompt);
const similar = await vectorDB.search(embedding, threshold=0.95);

if (similar.length > 0) {

return await redis.get(" cache:${similar[0].id}");
}
return null;

}
Cache Coherency Strategy

¢ Eventual Consistency: Acceptable for LLM responses. Prioritize availability over strong
consistency (AP in CAP theorem).

¢ TTL-based Invalidation: Set expiration based on content type. News/time-sensitive: 1 hour,
general knowledge: 24 hours, static content: 7 days.

¢ Active Invalidation: When model updated or prompt templates change, invalidate related
cache entries using tag-based invalidation.

Cross-region Replication

¢ Async Replication: Use Redis Enterprise or custom solution with Kafka for cross-region event
streaming.

¢ Write Strategy: Write to local cache immediately, async replicate to other regions. Read from
local cache for lowest latency.

¢ Conflict Resolution: Last-write-wins with vector clocks for concurrent updates. Rare for LLM
responses.

Cost Optimization



Cache hit rate target: >60% for significant cost savings
Implement negative caching for failed requests with shorter TTL
Compress cached responses (gzip) for storage efficiency

Use tiered storage: hot data in memory, warm in SSD, cold in S3

Monitoring

Track cache hit rate, latency reduction, cost savings per region. Implement cache warming for
predicted popular queries during off-peak hours.
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Coding and Debugging

This section presents practical coding challenges and questions about debugging techniques.

1. Write a function to flatten a nested list of arbitrary depth in Python.

Flattening Nested Lists

Here's an efficient recursive solution:

def flatten(nested_list):
result =[]
for item in nested_list:
if isinstance(item, list):
result.extend(flatten(item))
else:
result.append(item)
return result

# Example: flatten([1, [2, [3, 4], 5]]) returns [1, 2, 3, 4, 5]
Key Points:

e Uses recursion to handle arbitrary nesting depth

¢ isinstance() checks if element is a list

e extend() adds all elements from flattened sublists

e Time complexity: O(n) where n is total number of elements

2. How do you reverse a string efficiently in Python? What are the performance
implications?

String Reversal Techniques

Most efficient approach using slicing:

def reverse_string(s):
return s[::-11]

# Alternative using reversed():
def reverse_string_alt(s):
return ".join(reversed(s))

Performance Analysis:

Slicing ([::-1]) is fastest - O(n) time, creates new string in one operation
reversed() with join() - O(n) time but slightly slower due to iterator overhead
Both use O(n) space as strings are immutable in Python

For very large strings, consider memory-mapped files or generators

3. Write a function to check if a string is a palindrome, optimized for performance.

Optimized Palindrome Check

def is_palindrome(s):

# Remove non-alphanumeric and convert to lowercase
cleaned = ".join(c.lower() for c in s if c.isalnum())
left, right = 0, len(cleaned) - 1
while left < right:

if cleaned[left] != cleaned[right]:

return False
left +=1
right -=1



return True
Optimizations:

e Two-pointer approach avoids creating reversed string
e Early termination on first mismatch

e Time: O(n), Space: O(n) for cleaned string

¢ For case-sensitive checks, remove .lower()

4. What debugging tools and techniques do you use for complex Python applications?

Advanced Debugging Arsenal
Built-in Tools:

¢ pdb/ipdb: Interactive debugger with breakpoints, step execution, variable inspection
¢ logging module: Structured logging with levels (DEBUG, INFO, WARNING, ERROR)
¢ traceback module: Extract and format stack traces programmatically

Advanced Tools:

e py-spy: Sampling profiler that doesn't require code changes
¢ objgraph: Visualize object references and memory leaks
¢ PyCharm debugger: Conditional breakpoints, remote debugging

Techniques:

e Binary search debugging for large codebases
e Rubber duck debugging for logic errors

e Assertions and invariant checking

¢ Remote debugging for production issues

5. How do you profile memory usage in Python applications? Provide practical examples.

Memory Profiling Strategies

Using memory_profiler:

from memory_profiler import profile

©@profile

def memory_intensive_function():
large_list = [i**2 for i in range(10**6)]
return sum(large_list)

# Run with: python -m memory_profiler script.py
Key Tools:

memory_profiler: Line-by-line memory usage analysis
tracemalloc: Built-in module for tracking memory allocations
guppy3/heapy: Heap analysis and object tracking

pympler: Measure size of Python objects

Best Practices:

¢ Use generators instead of lists for large datasets
¢ Profile in production-like environments
]
°

Monitor memory growth over time
Use _slots_ to reduce object memory overhead

6. Explain exception handling best practices. When should you catch exceptions vs. let
them propagate?

Exception Handling Strategy

Best Practices:

# Good: Specific exceptions
try:



result = risky_operation()

except ValueError as e:
logger.error(f'Invalid value: {e}")
raise

except IOError:
return default_value

finally:
cleanup_resources()

When to Catch:

You can handle the error meaningfully

Need to clean up resources (use finally or context managers)
Converting exceptions to domain-specific errors

Adding context before re-raising

When to Propagate:

Cannot recover from the error

Error indicates a programming bug

Caller is better positioned to handle it

Following EAFP principle (Easier to Ask Forgiveness than Permission)

Anti-patterns: Bare except:, catching Exception without re-raising, silent failures
7. What is monkey patching? Provide a practical use case and potential pitfalls.

Monkey Patching Deep Dive

Definition: Runtime modification of classes or modules by adding, replacing, or modifying
attributes.

# Example: Patching for testing
import requests

def mock_get(*args, **kwargs):
class MockResponse:
def json(self):
return {'status': 'mocked'}
return MockResponse()

requests.get = mock _get # Monkey patch
Valid Use Cases:

e Testing: Mock external dependencies
e Hot-fixing third-party libraries

¢ Adding debugging instrumentation

e Extending closed-source code

Pitfalls:

Makes code harder to understand and maintain

Can cause issues with multithreading

Breaks when library internals change

Better alternatives: dependency injection, subclassing, decorators

8. Write a decorator that measures function execution time and handles exceptions
gracefully.

Execution Time Decorator

import time
import functools
import logging

def timer(func):
@functools.wraps(func)
def wrapper(*args, **kwargs):



start = time.perf_counter()

try:
result = func(*args, **kwargs)
return result

except Exception as e:
logging.error(f'{func.__name__} failed: {e}")
raise

finally:
elapsed = time.perf_counter() - start
logging.info(f"{func.__name__}: {elapsed:.4f}s")

return wrapper

Key Features:

¢ Uses functools.wraps to preserve function metadata

e perf_counter() for high-resolution timing

¢ finally block ensures timing is logged even on exception
e Proper exception re-raising maintains stack trace

9. How do you debug race conditions and concurrency issues in Python applications?

Debugging Concurrency Issues

Detection Techniques:

¢ Logging with thread IDs: Track which thread executes what
¢ threading.current_thread(): Identify thread-specific behavior
¢ Race condition detectors: Tools like ThreadSanitizer

¢ Stress testing: Run with high concurrency to expose issues

Prevention Strategies:

import threading

lock = threading.Lock()
shared_resource = 0

def safe_increment():
with lock:
global shared_resource
temp = shared_resource
shared_resource = temp + 1

Tools and Approaches:

Use thread-safe data structures (queue.Queue)
Prefer threading.Lock, RLock for synchronization
Consider asyncio for I/O-bound concurrency

Use threading.Event for coordination

Avoid global state when possible

10. Explain the difference between shallow and deep copy. When would each cause bugs?

Copy Semantics and Pitfalls

import copy

original = [[1, 2], [3, 4]]

shallow = original.copy() # or list(original)

deep = copy.deepcopy(original)

original[0][0] = 99

print(shallow[0][0]) # 99 - nested objects shared!
print(deep[0][0]) # 1 - fully independent
Shallow Copy:

e Creates new container, but references same nested objects
¢ Fast and memory-efficient



e Methods: list.copy(), dict.copy(), copy.copy()
Deep Copy:

e Recursively copies all nested objects
¢ Slower and uses more memory
e Required for nested mutable structures

Common Bugs:

e Modifying nested lists/dicts in shallow copies affects original
e Default parameter values (def func(x=[1])): creates shared mutable default
e Deep copy fails with circular references (copy.deepcopy handles this)
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Behavioral Questions

These questions assess your soft skills, problem-solving approach, and how you work in a team.

1. Tell me about a time when you had to optimize an LLM application that was performing
poorly in production.

Situation: Our customer support chatbot was experiencing 15-second response times and costing
$3000/month in API calls, causing user frustration and budget concerns.

Task: | was assigned to reduce latency to under 3 seconds and cut costs by 50% while maintaining
response quality.

Action: | implemented a three-pronged approach:

¢ Added semantic caching using Redis to store embeddings of common queries, reducing
redundant API calls by 60%

¢ Switched from GPT-4 to GPT-3.5-turbo for simple queries using a classifier model

¢ Implemented streaming responses and prompt compression techniques, reducing token usage
by 35%

Result: Reduced average response time to 2.1 seconds, decreased monthly costs to $1200, and
improved user satisfaction scores by 40%. The caching strategy alone prevented 12,000
unnecessary API calls per month.

2. Describe a situation where you had to handle hallucinations or inaccurate outputs from
an LLM in a production system.

Situation: Our legal document summarization tool was generating factually incorrect summaries in
8% of cases, which was unacceptable for our law firm clients.

Task: | needed to implement a robust validation system to detect and prevent hallucinations while
maintaining processing speed.

Action: | designed a multi-layer verification system:

Implemented retrieval-augmented generation (RAG) with source citation requirements

Added a secondary LLM call for fact-checking critical claims against source documents

Built a confidence scoring mechanism that flagged low-confidence outputs for human review
Created automated tests comparing generated summaries against ground truth using semantic
similarity

Result: Reduced hallucination rate to under 1%, with flagged outputs catching the remaining edge
cases. Client trust improved significantly, and we secured three enterprise contracts worth $500K
annually.

3. Tell me about a time when you had to choose between different LLM architectures or
providers for a project.

Situation: We were building a code review assistant and needed to select an LLM provider. Options
included OpenAl GPT-4, Anthropic Claude, and self-hosted open-source models.

Task: | was responsible for evaluating options based on accuracy, cost, latency, data privacy, and
vendor lock-in concerns.

Action: | conducted a systematic evaluation:

Created a benchmark dataset of 500 code review scenarios with expert-annotated correct
responses

Tested GPT-4, Claude 2, CodelLlama, and StarCoder on accuracy, latency, and cost per request
Analyzed data residency requirements for our enterprise clients

Prototyped a provider abstraction layer to enable easy switching



Result: Selected Claude 2 for its superior code understanding and 100K context window, with GPT-4
as fallback. The abstraction layer proved valuable when we later added Codellama for cost-sensitive
customers, reducing their costs by 70%.

4. Describe a challenging debugging experience you had with an LLM-based system.

Situation: Our content moderation system suddenly started flagging 30% of legitimate posts as
inappropriate, up from 2%, causing massive user complaints and manual review backlog.

Task: | needed to identify the root cause and restore normal operation within 24 hours to prevent
user churn.

Action: | approached this systematically:

Analyzed logs and discovered the issue started after a prompt template update
Created A/B tests comparing old vs new prompts with labeled test data

Found that subtle wording changes caused the model to interpret context differently
Implemented prompt versioning and automated regression testing for future changes
Added confidence thresholds and human-in-the-loop review for borderline cases

Result: Rolled back the prompt change within 6 hours, restoring false positive rate to 2.5%.
Established a prompt testing framework that prevented similar incidents, and reduced debugging
time for future issues by 60%.

5. Tell me about a time when you had to explain LLM limitations or technical concepts to
non-technical stakeholders.

Situation: Our sales team was promising clients that our LLM-powered chatbot could handle
complex financial calculations and provide investment advice, which it couldn't reliably do.

Task: | needed to educate stakeholders on LLM capabilities and limitations to align expectations and
prevent legal/reputational risks.

Action: | organized a workshop with demonstrations:

¢ Showed live examples of successful use cases (customer support, FAQ answering) vs failure
modes (calculations, financial advice)

¢ Used analogies: "LLMs are like extremely well-read assistants who can discuss topics fluently
but may confidently give wrong answers"

¢ Created a decision matrix categorizing tasks as "LLM-suitable," "LLM with verification," or "not
LLM-appropriate"

¢ Proposed hybrid solutions: LLM for natural language understanding + traditional code for
calculations

Result: Sales team adjusted their pitches, preventing potential legal issues. We implemented hybrid
solutions that satisfied client needs while staying within technical capabilities, closing 5 deals worth
$800K.

6. Describe a situation where you had to implement security or privacy measures for an
LLM application.

Situation: We were deploying an LLM-based HR assistant that would process sensitive employee
data, raising concerns from our security and legal teams about data leakage and compliance.

Task: | was tasked with implementing comprehensive security measures to meet SOC 2 and GDPR
requirements while maintaining functionality.

Action: | implemented multiple security layers:

¢ Deployed a self-hosted Llama 2 model on our private cloud to ensure data never left our
infrastructure

Built Pll detection and redaction pipeline using NER models before LLM processing
Implemented prompt injection detection to prevent malicious queries

Added comprehensive audit logging and access controls

Created data retention policies with automatic deletion of conversation histories

Result: Passed security audit on first attempt, achieved SOC 2 compliance, and deployed to 5,000
employees. Zero security incidents in 18 months of operation, and the architecture became our
template for future sensitive-data applications.



7. Tell me about a time when you had to work with a tight deadline on an LLM project.

Situation: A major client requested a custom document analysis feature within 3 weeks for their
quarterly board meeting, while our typical development cycle was 8-10 weeks.

Task: | needed to deliver a working prototype that could extract key insights from 100+ page
financial reports accurately and quickly.

Action: | prioritized and took strategic shortcuts:

Used GPT-4 API instead of fine-tuning a custom model to save 4 weeks of training time
Implemented document chunking with overlap to handle long documents within context limits
Created a simple web interface using Streamlit instead of full production Ul

Focused on the 3 most critical extraction tasks rather than 10 nice-to-have features

Worked with the client to use their documents as test cases, ensuring relevance

Result: Delivered working prototype in 18 days. Client successfully used it in their board meeting,
leading to a $1.2M contract expansion. Later refined it into a full production feature over the next
quarter.

8. Describe a time when you had to mentor or guide junior developers working with LLMs.

Situation: Two junior developers on my team were struggling with implementing a RAG system,
spending 3 weeks with poor results and growing frustrated.

Task: | needed to unblock them, teach best practices, and help them deliver the feature within the
sprint.

Action: | took a hands-on mentoring approach:

e Conducted code review session identifying issues: poor chunking strategy, no embedding
optimization, and inefficient retrieval

¢ Pair-programmed to demonstrate proper document preprocessing and chunk size selection

¢ Taught them to use evaluation metrics (NDCG, MRR) to measure retrieval quality objectively

¢ Created internal documentation with code examples and decision trees for common RAG
patterns

e Set up weekly LLM knowledge-sharing sessions for the broader team

Result: They completed the feature successfully within 4 days. Both developers became go-to
resources for RAG implementations. The knowledge-sharing sessions improved team velocity by
25% on LLM-related tasks over the next quarter.

9. Tell me about a time when you had to balance cost optimization with performance in
an LLM application.

Situation: Our document Q&A service was costing $15,000/month in APl fees with 50,000 monthly
users, making the unit economics unsustainable as we scaled.

Task: | needed to reduce costs by 70% while maintaining or improving response quality and latency.
Action: | implemented a tiered approach:

Analyzed query patterns and found 40% were simple lookups that didn't need LLM processing
Built a lightweight intent classifier routing simple queries to keyword search (cost: $0)
Implemented semantic caching with 7-day TTL, achieving 35% cache hit rate

Used GPT-3.5-turbo for 60% of queries and GPT-4 only for complex analytical questions
Optimized prompts to reduce token usage by 30% through better formatting

Negotiated volume pricing with OpenAl

Result: Reduced monthly costs to $4,200 (72% reduction) while improving average response time
from 3.2s to 1.8s. Quality metrics remained stable. The savings enabled us to scale to 200,000 users
profitably.

10. Describe a situation where you had to handle conflicting requirements or priorities in
an LLM project.

Situation: Product wanted to launch a customer service chatbot with maximum creativity and
personality, while the legal team demanded strict factual accuracy and liability protection, creating a
fundamental tension.



Task: | needed to find a technical solution that satisfied both teams' core concerns and deliver within
our 6-week timeline.

Action: | facilitated alignment through technical solutions:

¢ Organized joint meetings to understand underlying concerns: brand differentiation vs legal risk

¢ Proposed a hybrid approach: creative personality for greetings/small talk, strict factual mode for
product/policy questions

¢ Implemented intent classification to route queries appropriately with different temperature
settings

e Added citation requirements and confidence scores for factual responses

e Created a "safe creativity" framework with guardrails using constitutional Al principles

e Built A/B testing framework to measure user satisfaction vs risk metrics

Result: Both teams approved the approach. Launched successfully with 85% user satisfaction, zero
legal incidents in 12 months, and 30% higher engagement than competitors' chatbots. The
framework became company standard for future conversational Al projects.
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