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

1. Explain the key components of a transformer architecture in the context of generative
AI

Key Components:

Self-Attention Mechanism: Allows the model to weigh the importance of different parts of the
input sequence
Multi-Head Attention: Parallel attention mechanisms for capturing different types of
relationships
Feed-Forward Networks: Process transformed representations
Positional Encoding: Adds position information to token embeddings

Implementation Example:

class MultiHeadAttention(nn.Module):
    def __init__(self, d_model, num_heads):
        super().__init__()
        self.num_heads = num_heads
        self.attention = nn.Linear(d_model, d_model * 3)
        self.output = nn.Linear(d_model, d_model)

2. How would you implement temperature sampling in a generative AI model?

Temperature Sampling Implementation:

Temperature controls the randomness of the output by scaling the logits before softmax:

def sample_with_temperature(logits, temperature=0.7):
    scaled_logits = logits / temperature
    probs = F.softmax(scaled_logits, dim=-1)
    next_token = torch.multinomial(probs, num_samples=1)
    return next_token

Key considerations:

Lower temperature (< 1.0) makes output more focused and deterministic
Higher temperature (> 1.0) increases randomness and creativity
Temperature = 1.0 maintains original probability distribution

3. Describe the process of implementing efficient prompt engineering for a large
language model

Effective Prompt Engineering Process:

Context Setting: Clear system message defining role and constraints
Few-shot Learning: Including exemplars in the prompt
Structured Output: Specifying desired response format

prompt = {
    'system': 'You are a technical expert...',
    'examples': [{input: '...', output: '...'}],
    'format': 'JSON',
    'query': user_input
}

Best Practices:



Use consistent delimiter tokens
Implement temperature control
Include validation rules

4. How would you implement model quantization for efficient deployment?

Quantization Implementation:

Steps for 8-bit quantization:

Calculate scaling factors
Convert weights to int8
Implement quantized operations

def quantize_weights(model, bits=8):
    scale = (2**(bits-1) - 1) / torch.max(torch.abs(model.weight))
    quantized = torch.round(model.weight * scale)
    return quantized, scale

Benefits:

Reduced memory footprint
Faster inference
Lower power consumption

5. Explain how you would implement attention masking in a decoder-only architecture

Attention Masking Implementation:

Purpose: Prevent the model from attending to future tokens during generation

def create_causal_mask(size):
    mask = torch.triu(torch.ones(size, size), diagonal=1)
    return mask.masked_fill(mask == 1, float('-inf'))

Key Components:

Upper triangular mask matrix
Masking future positions with negative infinity
Application during attention computation

6. How would you implement efficient token caching for faster generation?

Token Caching Strategy:

Implementation approach:

Store key/value pairs from previous steps
Append new tokens incrementally
Manage cache size efficiently

class CacheManager:
    def __init__(self, max_len):
        self.cache_k = []
        self.cache_v = []
    def update(self, k, v):
        self.cache_k.append(k)
        self.cache_v.append(v)

7. Describe your approach to implementing custom stopping criteria for text generation

Custom Stopping Criteria:

Implementation components:

Token pattern matching
Length constraints
Semantic coherence checks



class CustomStopping(StoppingCriteria):
    def __call__(self, input_ids, scores):
        return self._check_conditions(input_ids, scores)
    def _check_conditions(self, ids, scores):
        return self._pattern_match(ids) or self._length_check(ids)

8. How would you implement efficient prompt templating for different use cases?

Prompt Templating System:

Key features:

Template validation
Variable substitution
Format verification

class PromptTemplate:
    def __init__(self, template: str):
        self.template = template
    def format(self, **kwargs):
        return self.template.format(**kwargs)
    def validate(self):

9. Explain the implementation of gradient checkpointing for memory-efficient training

Gradient Checkpointing:

Implementation strategy:

Selective layer recomputation
Memory-compute trade-off
Checkpoint placement optimization

def checkpoint_forward(self, x):
    return checkpoint.checkpoint(
        self.forward_pass,
        x,
        preserve_rng_state=True
    )

10. How would you implement efficient context window handling for long sequences?

Context Window Management:

Implementation approach:

Sliding window mechanism
Attention span optimization
Memory management

def process_long_sequence(self, tokens, window_size=1024):
    chunks = tokens.split(window_size - self.overlap)
    return self._process_chunks(chunks)

Considerations:

Overlap handling
Context preservation
Memory efficiency
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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. Explain the implementation of a consistent hashing algorithm for load balancing.

Implementation Details:

Hash ring implementation
Virtual nodes for better distribution
Binary search for node lookup

class ConsistentHashing:
    def __init__(self, nodes=None, replicas=3):
        self.replicas = replicas
        self.hash_ring = sorted([])
        self.node_map = {}

2. How would you implement a custom priority queue with O(1) access to both minimum
and maximum elements?

Implementation Approach:

Use two heaps (min and max)
Maintain balance between heaps
Track elements in both heaps

class MinMaxPQ:
    def __init__(self):
        self.min_heap = []
        self.max_heap = []
        self.elements = set()
    def push(self, val):

3. Explain how you would implement a trie (prefix tree) for autocomplete functionality.

Trie Implementation:

Node structure with children map
End of word marker
Prefix search functionality

class TrieNode:
    def __init__(self):
        self.children = {}
        self.is_end = False
        self.suggestions = []
    def insert(self, word):

4. How would you implement a thread-safe producer-consumer queue with size limits?

Implementation Requirements:

Thread synchronization
Blocking operations
Size limit enforcement

from threading import Lock, Condition
class BoundedQueue:
    def __init__(self, capacity):
        self.queue = []



        self.capacity = capacity
        self.lock = Lock()

5. Explain the implementation of a bloom filter for efficient set membership testing.

Bloom Filter Components:

Multiple hash functions
Bit array implementation
Probability of false positives

class BloomFilter:
    def __init__(self, size, hash_count):
        self.size = size
        self.hash_count = hash_count
        self.bit_array = [0] * size

6. How would you implement an LRU (Least Recently Used) Cache with a capacity limit?

Key Implementation Points:

Use a HashMap for O(1) lookups
Use a Doubly Linked List for O(1) insertions/removals
Maintain capacity limit

class LRUCache:
    def __init__(self, capacity):
        self.cache = {}
        self.capacity = capacity
        self.dll = DoublyLinkedList()
    
    def get(self, key):
        if key in self.cache:
            self.dll.move_to_front(self.cache[key])

7. Explain the time complexity analysis of a sliding window algorithm for finding the
maximum sum subarray of size k.

Time Complexity Analysis:

O(n) time complexity where n is array length
Only one pass through the array
Each element is added and removed exactly once

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

8. How would you implement a thread-safe concurrent dictionary in Python?

Implementation Approaches:

Use threading.Lock for synchronization
Consider collections.defaultdict with a lock
Use Queue for thread-safe operations

from threading import Lock
class ThreadSafeDict:
    def __init__(self):
        self._dict = {}
        self._lock = Lock()
    def set(self, key, value):
        with self._lock: self._dict[key] = value

9. Explain how you would implement a custom iterator for a binary tree that performs an
inorder traversal.



Implementation Strategy:

Use stack to track nodes
Implement __iter__ and __next__
Maintain traversal state

class BSTIterator:
    def __init__(self, root):
        self.stack = []
        while root:
            self.stack.append(root)
            root = root.left
    def next(self):
        node = self.stack.pop()

10. How would you implement a rate limiter using a sliding window algorithm?

Key Components:

Track requests with timestamps
Use deque for efficient window management
Remove expired timestamps

from collections import deque
class RateLimiter:
    def __init__(self, window_size, max_requests):
        self.window = deque()
        self.window_size = window_size
        self.max_requests = max_requests
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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 generative AI image creation service similar to DALL-E or Stable
Diffusion

Key Components & Considerations:

Input Processing Layer: Natural language prompt validation, sanitization, and parsing
Queue Management System: To handle high-volume requests asynchronously using
Redis/RabbitMQ
Model Serving Infrastructure: Distributed GPU clusters for parallel inference
Content Storage: Object storage (S3) for generated images
Caching Layer: Redis for frequent prompts/results

Architecture Overview:

Load Balancer → API Gateway → Queue → Worker Pods (GPU) → Storage
Horizontal scaling of worker pods based on queue length
Circuit breakers for failing GPU nodes
Content delivery network (CDN) for image distribution

Scalability Considerations:

GPU utilization optimization
Batch processing for efficiency
Request rate limiting
Cost optimization through spot instances

2. How would you design a real-time model monitoring system for a production LLM
service?

Core Components:

Metrics Collection: Response latency, token usage, error rates
Performance Monitoring: GPU utilization, memory usage, throughput
Quality Metrics: Response coherence, hallucination detection
Cost Tracking: Token consumption, API usage costs

Implementation:

Prometheus + Grafana for metrics visualization
ELK stack for log aggregation
Custom evaluation pipeline for quality metrics
Alerting system for threshold violations

Sample Monitoring Code:

def monitor_response(response, prompt):
    metrics = {
        'latency': response.completion_time,
        'tokens': len(response.text),
        'coherence_score': evaluate_coherence(prompt, response),
        'cost': calculate_token_cost(response.usage)
    }
    prometheus_client.push_metrics(metrics)

3. Design a distributed prompt engineering and version control system



System Components:

Prompt Storage: Git-based version control for prompts
Metadata Service: Track prompt performance metrics
A/B Testing Framework: Compare prompt variations
Templating Engine: Dynamic prompt generation

Data Model:

prompt_template = {
    'id': 'uuid',
    'version': '1.0',
    'template': '{{context}} {{question}}',
    'parameters': ['context', 'question'],
    'performance_metrics': {
        'success_rate': 0.95,
        'avg_latency': 250
    }
}

Key Features:

Prompt versioning and rollback
Performance tracking
Automated testing pipeline
Role-based access control

4. How would you design a fault-tolerant model serving system with zero-downtime
deployments?

Architecture Components:

Load Balancer: NGINX/HAProxy with health checks
Model Registry: Version control for models
Deployment Controller: Kubernetes-based orchestration
Fallback System: Secondary model deployment

Deployment Strategy:

Blue-Green deployment pattern
Canary releases for testing
Circuit breakers for failure handling
Automatic rollback triggers

Implementation Example:

class ModelServer:
    def deploy_model(self, version):
        new_pods = create_deployment(version)
        health_check(new_pods)
        if healthy:
            switch_traffic()
        else:
            rollback()

5. Design a scalable embeddings cache system for LLM applications

System Components:

Cache Layer: Redis/Elasticsearch for vector storage
Embedding Service: Distributed computation nodes
Index Management: ANN (Approximate Nearest Neighbor) indexes
Cache Invalidation: TTL-based strategy

Data Structure:

cache_entry = {



    'text_hash': 'md5_hash',
    'embedding': float_vector[768],
    'metadata': {
        'model': 'ada-002',
        'timestamp': 1234567890
    }
}

Optimization Strategies:

Batch processing for embedding generation
Dimensionality reduction techniques
Priority-based cache eviction
Distributed cache sharding

6. How would you design a content moderation system for AI-generated content?

System Architecture:

Pre-generation Filter: Prompt safety checking
Post-generation Analysis: Content classification
Human Review Queue: For edge cases
Audit Trail: Logging and compliance

Implementation Approach:

Multi-stage filtering pipeline
ML models for content classification
Regular expression patterns for known issues
Rate limiting and user reputation

Sample Filter:

def content_filter(text):
    toxicity_score = classify_content(text)
    pii_detected = check_pii(text)
    return {
        'safe': toxicity_score < 0.7 and not pii_detected,
        'review_needed': toxicity_score >= 0.7
    }

7. Design a system for fine-tuning LLMs at scale

System Components:

Data Pipeline: ETL for training data
Training Orchestrator: Distributed training management
Model Registry: Version control and storage
Evaluation Framework: Automated testing

Infrastructure:

Kubernetes cluster for orchestration
Distributed storage for checkpoints
GPU node auto-scaling
Monitoring and logging pipeline

Training Config:

training_config = {
    'base_model': 'gpt-3.5',
    'learning_rate': 2e-5,
    'batch_size': 16,
    'epochs': 3,
    'evaluation_steps': 100
}



8. Design a prompt optimization and A/B testing framework

System Components:

Experiment Manager: Test configuration and tracking
Traffic Splitter: Request distribution
Analytics Engine: Metrics collection
Statistical Analysis: Significance testing

Experiment Structure:

experiment = {
    'id': 'test_123',
    'variants': ['prompt_a', 'prompt_b'],
    'metrics': ['response_quality', 'latency'],
    'traffic_split': [0.5, 0.5],
    'duration': '7d'
}

Key Features:

Automated prompt variation generation
Real-time performance monitoring
Statistical significance calculator
Automatic winner selection

9. Design a cost optimization system for LLM API usage

System Components:

Usage Tracker: Token consumption monitoring
Cost Allocator: Per-user/team billing
Budget Controller: Usage limits and alerts
Optimization Engine: Smart routing and caching

Optimization Strategies:

Request batching
Response caching
Model selection based on complexity
Prompt optimization for token efficiency

Usage Tracking:

def track_usage(request):
    tokens = count_tokens(request.prompt)
    cost = calculate_cost(tokens, request.model)
    update_budget(request.user_id, cost)
    return check_budget_limits(request.user_id)

10. Design a real-time content generation pipeline with multiple LLM providers

Architecture Components:

Provider Interface: Unified API abstraction
Load Balancer: Smart traffic distribution
Fallback Handler: Provider failover logic
Response Aggregator: Result consolidation

Implementation Strategy:

Abstract provider-specific implementations
Smart routing based on performance/cost
Parallel request processing
Quality-based provider selection

Provider Interface:



class LLMProvider:
    def generate(self, prompt):
        response = self.client.complete(prompt)
        return {
            'content': response.text,
            'metrics': self.get_metrics(response)
        }
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Coding and Debugging
This section presents practical coding challenges and questions about debugging techniques.

1. How would you implement a custom tokenizer for text generation in a generative AI
system?

Key Components of a Basic Tokenizer:

Vocabulary management
Token splitting logic
Special token handling

class SimpleTokenizer:
    def __init__(self, vocab):
        self.vocab = vocab
        self.token2idx = {t: i for i, t in enumerate(vocab)}
    def encode(self, text):
        return [self.token2idx[t] for t in text.split()]
    def decode(self, tokens):
        return ' '.join([self.vocab[t] for t in tokens])

Important considerations:

Handle out-of-vocabulary tokens
Implement subword tokenization
Consider using byte-pair encoding (BPE)

2. Explain how you would implement attention mechanisms in a transformer-based model
and debug potential issues.

Implementation Approach:

def attention(query, key, value, mask=None):
    scores = torch.matmul(query, key.transpose(-2, -1))
    scores = scores / math.sqrt(query.size(-1))
    if mask is not None:
        scores = scores.masked_fill(mask == 0, -1e9)
    weights = F.softmax(scores, dim=-1)
    return torch.matmul(weights, value)

Common Issues to Debug:

Memory leaks in attention computation
Gradient vanishing/exploding
Incorrect mask application
Shape mismatches in matrix operations

3. How would you optimize the inference speed of a large language model?

Optimization Techniques:

Model Quantization: Reduce precision from FP32 to INT8/FP16
Knowledge Distillation: Create smaller, faster models
Caching: Store intermediate attention outputs
Batch Processing: Optimize for throughput

def optimize_inference(model):
    quantized_model = torch.quantization.quantize_dynamic(
        model, {torch.nn.Linear}, dtype=torch.qint8
    )
    return quantized_model



4. Implement a function to handle out-of-memory errors during model training.

Implementation:

def train_with_memory_handling(model, data, batch_size):
    try:
        torch.cuda.empty_cache()
        gradient_accumulation_steps = 4
        for i in range(0, len(data), batch_size * gradient_accumulation_steps):
            batch = data[i:i + batch_size]
            loss = model(batch) / gradient_accumulation_steps
            loss.backward()

Key Strategies:

Gradient accumulation
Dynamic batch sizing
Memory monitoring
Checkpoint management

5. How would you implement efficient prompt engineering and templating in a production
environment?

Implementation Example:

class PromptManager:
    def __init__(self, templates):
        self.templates = templates
    def format_prompt(self, template_name, **kwargs):
        template = self.templates[template_name]
        return template.format(**kwargs)
    def validate_prompt(self, prompt):

Best Practices:

Template versioning
A/B testing support
Prompt validation
Performance monitoring
Cache frequently used prompts

6. Implement a custom loss function for training a generative model with multiple
objectives.

Multi-Objective Loss Implementation:

class CustomGenerativeLoss(nn.Module):
    def __init__(self, alpha=0.5, beta=0.3):
        super().__init__()
        self.alpha = alpha
        self.beta = beta
    def forward(self, pred, target, aux_loss):
        main_loss = F.cross_entropy(pred, target)
        return main_loss + self.alpha * aux_loss

Components:

Content fidelity loss
Style matching loss
Coherence metrics
Dynamic weight adjustment

7. How would you implement efficient caching for transformer attention patterns?

Caching Strategy:

class AttentionCache:
    def __init__(self, max_size=1000):



        self.cache = {}
        self.max_size = max_size
    def get_or_compute(self, key, compute_fn):
        if key not in self.cache:
            self.cache[key] = compute_fn()

Important Aspects:

LRU cache implementation
Memory-efficient storage
Cache invalidation strategy
Thread-safe operations

8. Implement a custom sampling strategy for text generation.

Advanced Sampling Implementation:

def custom_sampling(logits, temperature=0.7, top_k=50, top_p=0.9):
    probs = F.softmax(logits / temperature, dim=-1)
    top_k_probs, indices = torch.topk(probs, k=top_k)
    cumsum_probs = torch.cumsum(top_k_probs, dim=-1)
    mask = cumsum_probs < top_p
    return indices[mask]

Features:

Temperature scaling
Top-k filtering
Nucleus (top-p) sampling
Repetition penalty

9. How would you implement efficient beam search for sequence generation?

Beam Search Implementation:

def beam_search(model, start_token, beam_width=5, max_len=50):
    sequences = [([], 0)]
    for _ in range(max_len):
        candidates = []
        for seq, score in sequences:
            next_token_scores = model.predict(seq)
            top_k = torch.topk(next_token_scores, beam_width)

Optimizations:

Batch processing
Early stopping
Score normalization
Memory-efficient tracking

10. Implement a custom tokenization pipeline with support for special tokens and
unknown words.

Advanced Tokenizer Implementation:

class AdvancedTokenizer:
    def __init__(self, vocab, special_tokens):
        self.vocab = vocab
        self.special_tokens = special_tokens
    def tokenize(self, text):
        tokens = text.split()
        return [self.vocab.get(t, self.special_tokens['UNK']) for t in tokens]

Features:

Special token handling
Unknown token strategy
Subword tokenization
Efficient vocabulary lookup
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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 challenging AI model deployment you managed and how you handled
it.

Situation: At my previous role, we needed to deploy a large language model for real-time content
moderation that was experiencing significant latency issues in production.

Task: I had to optimize the model deployment to achieve sub-100ms response times while
maintaining 99.9% accuracy.

Action: I implemented several solutions:

Utilized model quantization to reduce the model size by 75%
Implemented model distillation to create a smaller, faster student model
Set up model serving with NVIDIA Triton for optimal GPU utilization
Created a caching layer for frequent requests

Result: The optimizations reduced latency from 500ms to 80ms while maintaining 99.7% accuracy.
This improved user experience and reduced cloud costs by 60%.

2. Describe a situation where you had to make a difficult technical decision between
different AI approaches.

Situation: Our team was developing a recommendation system for an e-commerce platform with
millions of users.

Task: We needed to choose between implementing a traditional collaborative filtering approach or a
newer transformer-based architecture.

Action: I:

Created a decision matrix comparing both approaches
Conducted A/B testing with a subset of users
Analyzed computational costs and infrastructure requirements
Presented findings to stakeholders

Result: We chose a hybrid approach that combined collaborative filtering for cold-start cases with
transformers for personalized recommendations, resulting in a 27% increase in click-through rates.

3. How do you handle disagreements with team members about AI model architecture
choices?

Situation: During a natural language processing project, there was a disagreement about using
BERT vs. GPT for text classification.

Task: Need to resolve the conflict and choose the most appropriate architecture while maintaining
team cohesion.

Action: I:

Organized a technical discussion session
Created proof-of-concepts for both approaches
Documented benchmarks and trade-offs
Facilitated a data-driven decision process

Result: The team agreed on using BERT after seeing concrete performance metrics, and the project
proceeded smoothly with improved team collaboration.

4. Tell me about a time when you had to explain complex AI concepts to non-technical



stakeholders.

Situation: Had to explain the implications of using GPT-4 vs. developing a custom model to C-level
executives.

Task: Needed to communicate technical trade-offs and business impact clearly to inform a major
investment decision.

Action: I:

Created visual analogies for complex concepts
Prepared ROI calculations
Developed interactive demos
Used real-world examples from competitors

Result: Executives understood the trade-offs and approved a hybrid approach, leading to a
successful project with clear expectations.

5. Describe a time when you had to debug a critical issue in a production AI system.

Situation: Our production language model started producing inconsistent outputs, affecting
customer-facing applications.

Task: Had to identify and fix the root cause while minimizing downtime.

Action: I:

Implemented comprehensive logging
Created reproduction scenarios
Analyzed model input distributions
Discovered data drift in production

Result: Identified and fixed a data preprocessing inconsistency, implemented monitoring alerts, and
created a playbook for similar issues, reducing future incident response time by 60%.

6. How do you ensure ethical AI development in your projects?

Situation: Led the development of a facial recognition system for a security application.

Task: Needed to ensure privacy, fairness, and ethical use while meeting business requirements.

Action: I:

Established an ethics review board
Implemented fairness metrics
Created data handling guidelines
Developed bias testing frameworks

Result: Successfully deployed a system with documented fairness across demographics,
transparent data handling, and regular ethical audits, becoming a model for future AI projects.

7. Tell me about a time when you had to scale an AI system to handle increased load.

Situation: Our recommendation system was struggling with Black Friday traffic spikes.

Task: Need to scale the system to handle 10x normal load during peak periods.

Action: I:

Implemented model serving sharding
Optimized inference pipelines
Set up auto-scaling policies
Created a load testing framework

Result: System handled 15x normal load during Black Friday with 99.99% uptime and 30% lower
latency than previous year.

8. Describe a situation where you had to balance model accuracy with computational
efficiency.



Situation: Working on a real-time object detection system for autonomous vehicles.

Task: Needed to achieve 30 FPS while maintaining 95% accuracy on edge devices.

Action: I:

Performed model architecture search
Applied pruning and quantization
Optimized inference pipeline
Implemented hardware-specific optimizations

Result: Achieved 35 FPS with 96% accuracy through a custom lightweight architecture, setting a
new standard for edge AI deployment.

9. How do you approach continuous learning and staying updated with AI advancements?

Situation: Needed to keep team updated with rapid advances in generative AI.

Task: Create a systematic approach for continuous learning and knowledge sharing.

Action: I:

Established weekly paper review sessions
Created an internal knowledge base
Organized hands-on workshops
Built a model experiment framework

Result: Team successfully adopted three new architectures in six months, reducing development
time by 40% and improving model performance by 25%.

10. Tell me about a time when you had to handle sensitive data in AI model training.

Situation: Developing a healthcare AI system using patient records.

Task: Ensure HIPAA compliance while maintaining model performance.

Action: I:

Implemented differential privacy
Created data anonymization pipeline
Established secure training environment
Developed audit trails

Result: Successfully trained models meeting both HIPAA requirements and performance targets,
establishing new privacy-preserving ML practices for the organization.
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