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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 differences between full fine-tuning and parameter-efficient fine-
tuning (PEFT) methods

Full fine-tuning updates all model parameters and requires significant computational resources,
while PEFT methods modify only a subset of parameters. Key PEFT approaches include:

¢ LoRA (Low-Rank Adaptation): Adds trainable rank decomposition matrices
¢ Prefix Tuning: Optimizes continuous prompts while freezing the base model
e Adapter Layers: Introduces small trainable modules between transformer layers

PEFT methods typically achieve comparable performance while requiring fraction of the computing
resources.

2. How would you implement gradient checkpointing to reduce memory usage during
fine-tuning?

Gradient checkpointing trades computation for memory by recomputing activations during backward
pass instead of storing them. Implementation example:

from torch.utils.checkpoint import checkpoint

def forward(self, input_ids, attention_mask):
def custom_forward(x):
return self.transformer_layer(x)
hidden_states = checkpoint(custom_forward, input_ids)
return hidden_states

This reduces memory usage by O(sqgrt(n)) where n is the number of layers.

3. Describe your approach to preventing catastrophic forgetting during fine-tuning

Key strategies to prevent catastrophic forgetting:

Elastic Weight Consolidation (EWC): Adds regularization term to preserve important parameters
Knowledge Distillation: Use original model predictions as soft targets

Gradient episodic memory: Store subset of original task examples

Layer-wise learning rate decay: Apply smaller updates to lower layers

Implementation often combines multiple approaches based on specific requirements.

4. How do you handle bias and toxicity mitigation during fine-tuning?

Comprehensive approach to bias mitigation:

Data cleaning and augmentation with diverse, balanced datasets
Explicit debiasing objectives in loss function

Regular evaluation using bias metrics (e.qg., regard, toxicity scores)
Post-training analysis using tools like HolisticBias

Example debiasing loss term:

loss = task_loss + alpha * debiasing_loss
debiasing_loss = KL_divergence(model_outputs, balanced_targets)

5. Explain your methodology for hyperparameter optimization during fine-tuning

Systematic approach to hyperparameter optimization:



e Initial grid search for learning rate and batch size
e Bayesian optimization for fine-grained tuning
e Population-based training for dynamic adjustment

Example using Optuna:

def objective(trial):
Ir = trial.suggest_loguniform('Ir', 1e-5, 1e-3)
warmup = trial.suggest_int(‘warmup_steps’, 100, 1000)
return train_and_evaluate(lr, warmup)

6. How do you implement efficient few-shot fine-tuning using soft prompts?

Soft prompt tuning approach:

¢ Initialize prompt embeddings from natural language tokens
¢ Optimize only prompt parameters while freezing model
¢ Use prompt ensembling for robustness

Implementation example:

class SoftPrompt(nn.Module):
def __init_ (self, prompt_length, embedding_size):
self.prompt = nn.Parameter(torch.randn(prompt_length, embedding_size))
def forward(self, embeddings):
return torch.cat([self.prompt, embeddings], dim=1)

7. Describe your approach to evaluating fine-tuned models beyond standard metrics

Comprehensive evaluation framework:

¢ Task-specific metrics (ROUGE, BLEU, F1)
¢ Behavioral testing suites (CheckList methodology)
¢ Adversarial evaluation

¢ Human evaluation protocols

¢ Fairness and bias metrics

Example evaluation pipeline:

def evaluate_model(model, test_suite):
results = {
'‘performance’: compute_task metrics(model),
'robustness': run_adversarial_tests(model),
'‘bias': measure_fairness_metrics(model)

}

8. How do you handle multi-task fine-tuning with conflicting objectives?

Multi-task fine-tuning strategies:

Dynamic task weighting based on uncertainty
Gradient normalization across tasks
Task-specific adapter modules

Curriculum learning for task ordering

Example implementation:

loss = sum(weight[i] * task lossl[i] for i in range(num_tasks))
weights = softmax(log_var /-2.0) # uncertainty weighting
grads = normalize_gradients(task_gradients)

9. Explain your approach to handling distribution shift during fine-tuning

Distribution shift mitigation strategies:

Domain adaptation techniques
Continuous evaluation on validation sets
Adaptive batch normalization

Robust optimization methods



Example implementation:

def compute_importance_weights(source_data, target data):
return kernel_mean_matching(source_data, target_data)

def weighted_loss(predictions, targets, weights):
return (weights * cross_entropy(predictions, targets)).mean()

10. How do you implement efficient checkpointing and model versioning during fine-
tuning?

Robust checkpointing strategy:

e Distributed storage integration
e Metadata tracking for experiments
e Efficient delta storage
¢ Automated validation

Example implementation:

def save_checkpoint(model, optimizer, metadata):
state = {
‘model': model.state_dict(),
‘optimizer': optimizer.state_dict(),
'metadata’: metadata

}

save_to_storage(state)
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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. How would you implement an LRU Cache with a capacity limit for an LLM fine-tuning
system?

Key components:

e HashMap for O(1) lookups
¢ Doubly-linked list for O(1) removal/insertion

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.cachel[key])

2. Explain how you would implement efficient token frequency counting for a large corpus
of training data?

Solution approach:

e Use Counter/HashMap for frequency tracking
e Stream processing for memory efficiency

from collections import Counter

def count_tokens(corpus):
token_freq = Counter()
for doc in corpus:
tokens = tokenize(doc)
token_freq.update(tokens)
return token_freq

3. How would you implement a sliding window algorithm for detecting duplicate training
examples?

Efficient Solution:

¢ Rolling hash for window comparisons
e Set for duplicate detection

def find_duplicates(text, window_size):
seen = set()
curr_hash =0
for i in range(len(text) - window_size + 1):
window = text[i:i+window_size]
if window in seen:
return True

4. Design a priority queue for managing fine-tuning training examples based on their
importance scores.

Implementation using heap:



class TrainingQueue:
def _init_ (self):
self.queue =[]
heapq.heapify(self.queue)

def add_example(self, example, score):
heapq.heappush(self.queue, (-score, example))

5. How would you implement efficient n-gram generation for text preprocessing?

Solution using sliding window:

def generate_ngrams(text, n):
tokens = text.split()
ngrams =[]
foriin range(len(tokens) - n + 1):
ngram = tokensli:i + n]
ngrams.append(tuple(ngram))

6. Implement a trie data structure for efficient token lookup in a vocabulary.

Trie implementation:

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

class Trie:
def _init_ (self):
self.root = TrieNode()

7. Design an efficient algorithm for finding the k most frequent tokens in a training
dataset.

Solution using heap:

def top_k_tokens(tokens, k):
counter = Counter(tokens)
return heapq.nlargest(k, counter.items(),
key=Ilambda x: x[1])

8. How would you implement a bloom filter for efficient duplicate detection in training
data?

Bloom filter implementation:

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

9. Implement an efficient algorithm for finding the longest common subsequence
between two text sequences.

Dynamic programming solution:

def Ics(textl, text2):
dp = [[0] * (len(text2) + 1) for _in range(len(textl) + 1)]
foriin range(1, len(textl) + 1):
for j in range(1, len(text2) + 1):
if textl[i-1] == text2[j-11:
dplillj] = dpli-11[j-1] + 1

10. Design a memory-efficient way to store and retrieve embeddings for tokens using a



sparse matrix representation.

Sparse matrix implementation:

from scipy.sparse import csr_matrix

def store_embeddings(tokens, vectors):
row_ind = range(len(tokens))
sparse_matrix = csr_matrix((vectors, (row_ind, col_ind)))
return sparse_matrix
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System Design

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

1. How would you design a scalable fine-tuning pipeline for LLMs that can handle multiple
concurrent training jobs?

Key Components:

¢ Job Queue System: Use Apache Kafka or RabbitMQ to manage training job requests
¢ Orchestrator: Kubernetes for managing distributed training pods

e Storage Layer: Distributed file system (like HDFS) for training data

¢ Model Registry: MLflow or custom registry for versioning

Architecture:

Implement job scheduler with priority queuing
Use distributed training with parameter servers
Implement automatic checkpointing

Monitor training metrics with Prometheus/Grafana

Scalability Considerations:

e Horizontal scaling of training nodes
¢ Data pipeline parallelization
e GPU/TPU resource allocation

2. Design a system for efficient prompt engineering and template management at scale

Core Components:

e Template Store: Version-controlled repository for prompts
e Validation Service: Ensures prompt quality and constraints
¢ A/B Testing Framework: Compare prompt performance

Implementation:

class PromptTemplate:
def __init_ (self, template_id, content, parameters):
self.template_id = template_id
self.content = content
self.parameters = parameters

Key Features:
e Template inheritance and composition
e Automatic parameter validation
¢ Performance metrics tracking
¢ Role-based access control

3. How would you design a distributed evaluation system for fine-tuned LLM models?
System Components:

¢ Evaluation Queue: Manages evaluation workload

¢ Metric Collectors: Gather performance data

¢ Result Aggregator: Combines distributed results

Evaluation Metrics:



ROUGE, BLEU for text generation
Custom business metrics
Latency and throughput
Resource utilization

Implementation Example:

def distributed_evaluate(model_id, eval_config):
results = parallel_map(evaluation_worker, test cases)
return aggregate_metrics(results)

4. Design a system for efficient dataset management and preprocessing for LLM fine-
tuning

Architecture Components:

¢ Data Ingestion Pipeline: Handles various data sources
¢ Preprocessing Service: Cleaning and formatting
¢ Quality Control: Data validation and filtering

Data Processing Flow:

Raw data ingestion
Deduplication and cleaning
Format standardization
Quality scoring

class DatasetProcessor:
def process(self, data):
clean_data = self.clean(data)
return self.validate(clean_data)

5. How would you design a monitoring system for fine-tuned LLM deployments?

Monitoring Components:

¢ Performance Metrics: Response time, throughput
¢ Quality Metrics: Output consistency, error rates
¢ Resource Usage: GPU utilization, memory

Implementation:
def monitor_inference(model_id):
metrics = collect_metrics()
if detect_drift(metrics):
trigger_alert()
Alert System:
e Performance degradation detection
¢ Quality threshold violations
e Resource utilization alerts

6. Design a version control system for LLM models and their fine-tuning artifacts

System Components:

¢ Model Registry: Stores model versions
¢ Artifact Store: Training data, configs
¢ Metadata Service: Version tracking

Version Control Features:
¢ Model lineage tracking

¢ Configuration versioning
¢ Rollback capabilities



class ModelVersion:
def _init_ (self, base_model, fine_tune_config):
self.artifacts = store_artifacts()
self.metadata = track_lineage()

7. How would you design a system for automated hyperparameter optimization in LLM
fine-tuning?

System Components:
¢ Search Strategy: Bayesian optimization
¢ Evaluation Framework: Metrics collection
¢ Resource Manager: GPU allocation
Implementation:
def optimize_hyperparams(model, param_space):
trials = bayesian_optimization(evaluate_model, param_space)
return best_params(trials)
Key Features:
¢ Parallel trial execution
e Early stopping

e Result persistence

8. Design a system for efficient prompt testing and validation at scale

System Components:

¢ Test Runner: Executes prompt tests
¢ Validation Engine: Checks output quality
¢ Results Store: Maintains test history

Implementation:

class PromptTester:
def validate_prompt(self, prompt, test_cases):
results = run_tests(prompt, test cases)
return analyze_results(results)

Features:
¢ Automated test generation
e Performance benchmarking

e Quality metrics tracking

9. How would you design a system for managing and deploying multiple fine-tuned
models in production?

Architecture Components:

¢ Model Registry: Version control
¢ Deployment Service: Container orchestration
¢ Load Balancer: Request distribution

Implementation:
class ModelDeployment:
def deploy(self, model_version):
container = package_model(model_version)
return k8s_deploy(container)

Features:

¢ Blue-green deployments
e Automatic scaling



e Health monitoring

10. Design a system for detecting and handling drift in fine-tuned model performance

System Components:

¢ Metric Collector: Gathers performance data
¢ Drift Detector: Statistical analysis
¢ Alert Manager: Notification system

Implementation:
def detect_drift(metrics_stream):

baseline = load_baseline_metrics()

return calculate_drift(baseline, metrics_stream)
Features:

¢ Real-time monitoring

e Automated retraining triggers
¢ Performance dashboards
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Coding and Debugging

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

1. How would you implement efficient parameter-efficient fine-tuning (PEFT) using LoRA?

Implementation Approach:

¢ Add low-rank adaptation matrices to attention layers
¢ Keep base model frozen
¢ Only train LoRA parameters

class LoRALayer(nn.Module):
def _init_ (self, d_model, r=8):
self.A = nn.Parameter(torch.randn(d_model, r))
self.B = nn.Parameter(torch.randn(r, d_model))
def forward(self, x):
return x + (x @ self.A @ self.B)

2. How would you implement gradient checkpointing in a custom fine-tuning pipeline to
reduce memory usage?

Key implementation steps:

¢ Import torch.utils.checkpoint for gradient checkpointing
¢ Modify the forward pass to use checkpoint wrapper
¢ Handle activation recomputation during backward pass

def forward(self, x):
def custom_forward(x):
x = self.attention(x)
x = self.mlp(x)
return x
return torch.utils.checkpoint.checkpoint(custom_forward, x)

This trades computation for memory by only storing activations at checkpoints and recomputing
intermediate values during backward pass.

3. Explain how you would debug NaN losses during LLM fine-tuning and implement a
solution.

Common causes and solutions:

¢ Learning rate too high causing gradient explosion
e Poor initialization of new parameters
¢ Numerical instability in loss computation

class NaNDetector(torch.nn.Module):
def forward(self, loss):
if torch.isnan(loss):
raise RuntimeError(f'NaN loss detected')
return loss

model.register_forward_hook(lambda m, i, o: NaNDetector()(0))

4. Implement a custom learning rate scheduler for fine-tuning that handles warmup and
decay phases.

Implementation with linear warmup and cosine decay:



class WarmupCosineScheduler:
def _init_ (self, optimizer, warmup_steps, max_steps):
self.optimizer = optimizer
self.warmup_steps = warmup_steps
self.max_steps = max_steps

def step(self, step):
if step < self.warmup_steps:
Ir_mult = float(step) / float(max(1, self.warmup_steps))
else:
progress = float(step - self.warmup_steps) / float(max(1, self.max_steps - self.warmup_steps))
Ir_ mult = 0.5 * (1.0 + math.cos(math.pi * progress))

5. How would you implement efficient 8-bit quantization for fine-tuning while maintaining
model quality?

Implementation Strategy:

¢ Quantize weights and activations to int8
¢ Keep gradients in fp32
¢ Use dynamic quantization for attention

def quantize_weights(tensor, bits=8):
scale = (tensor.abs().max() / 127.).clamp(min=1e-8)
quant = (tensor / scale).round().clamp(-127, 127)
return quant, scale

def dequantize(quant, scale):
return quant * scale

6. Implement a custom validation metric for evaluating LLM fine-tuning quality beyond
just perplexity.

Custom Evaluation Metric:

class CustomEvaluator:
def evaluate(self, model, eval_data):
metrics = {
‘perplexity': self.calc_perplexity(model, eval_data),
'‘coherence': self.calc_semantic_coherence(model, eval_data),
'factuality': self.check factual accuracy(model, eval _data)

}

return metrics
Key aspects:

e Semantic coherence checking
e Factual consistency validation
¢ Task-specific performance metrics

7. How would you implement efficient token pruning during fine-tuning to reduce
computation?

Token Pruning Implementation:

def prune_tokens(attention_scores, threshold=0.1):
mask = attention_scores > threshold
pruned_scores = attention_scores * mask
return pruned_scores

def forward(self, x):
scores = self.get attention_scores(x)
pruned = prune_tokens(scores)
return self.attention(pruned)

Benefits:

¢ Reduced memory usage



e Faster training
¢ Focused attention on relevant tokens

8. Implement a custom loss function that combines multiple objectives for fine-tuning.

Multi-Objective Loss Function:

class CustomLoss(nn.Module):
def forward(self, outputs, targets):
ce_loss = F.cross_entropy(outputs.logits, targets)
kl_loss = F.kl_div(outputs.logits, base_model_outputs)
consistency_loss = self.compute_consistency(outputs)
return ce_loss + 0.1 * kl_loss + 0.05 * consistency_loss

Components:

¢ Cross-entropy for task objective
¢ KL divergence for knowledge distillation
¢ Consistency regularization

9. How would you implement efficient checkpointing and resuming of fine-tuning
progress?

Checkpoint Manager Implementation:

class CheckpointManager:
def save_checkpoint(self, model, optimizer, step):

torch.save({
'step': step,
'model_state': model.state_dict(),
'optimizer_state': optimizer.state_dict(),
‘random_state': torch.get_rng_state()

}, f'checkpoint_{step}.pt')

Key features:

e State dict saving/loading
e Random state preservation
e Optimizer state maintenance

10. Implement a custom data collator for efficient batch processing during fine-tuning.

Efficient Data Collator:

class CustomCaollator:
def _call_ (self, examples):
input_ids = pad_sequence([ex['input_ids'] for ex in examples])
attention_mask = self.create_attention_mask(input_ids)
labels = pad_sequence([ex['labels'] for ex in examples])
return {'input_ids': input_ids, 'attention_mask': attention_mask, 'labels': labels}

Features:
¢ Dynamic padding

e Attention mask generation
¢ Label handling
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Behavioral Questions

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

1. Describe a challenging LLM fine-tuning project you worked on and how you overcame
data quality issues.

Situation: At my previous role, we needed to fine-tune GPT-3 for specialized medical terminology
and diagnoses, but faced significant data quality challenges with our training dataset.

Task: | was responsible for improving data quality and implementing a robust fine-tuning pipeline for
50,000+ medical records.

Action: I:

¢ Developed automated data cleaning scripts to standardize medical terminology

¢ Implemented ROUGE and BLEU score metrics for quality assessment

¢ Created a validation pipeline to filter out low-quality training examples

¢ Used techniques like data augmentation to address class imbalance

Result: Achieved 92% accuracy in medical term recognition, reduced hallucination by 45%, and
successfully deployed the model to production, serving 200+ healthcare providers.

2. Tell me about a time when you had to optimize the cost of LLM fine-tuning while
maintaining model performance.

Situation: Our startup was facing increasing compute costs for fine-tuning BERT models for
customer service applications.

Task: Reduce fine-tuning costs by 40% while maintaining 95%+ of model performance.
Action: |

¢ Implemented gradient checkpointing to reduce memory usage

¢ Used mixed-precision training (FP16)

e Optimized batch sizes and learning rates

e Introduced early stopping based on validation metrics

Result: Reduced compute costs by 55% while maintaining 98% of original performance metrics,
saving $12,000 monthly in cloud costs.

3. Share an experience where you had to collaborate with non-technical stakeholders on
an LLM project.

Situation: Working on a legal document analysis LLM for a law firm with non-technical partners.

Task: Need to gather requirements and explain technical concepts to lawyers while ensuring the
model met their specific needs.

Action: I:

Created visual demonstrations of model capabilities
Developed a prototype for hands-on testing

Established weekly feedback sessions

Created non-technical documentation for model behavior

Result: Successfully deployed a model that achieved 89% accuracy in legal document classification,
with high stakeholder satisfaction and adoption.

4. Describe a time when you had to debug and fix poor model performance after fine-
tuning.



Situation: A fine-tuned GPT model for customer support was showing unexpected behavior and poor
performance in production.

Task: Identify the root cause and implement fixes to improve model reliability.
Action: |

Implemented detailed logging and monitoring

Analyzed training data distribution

Identified prompt engineering issues
Rebalanced the training dataset

Result: Improved response accuracy from 65% to 88% and reduced inappropriate responses by
75%.

5. Tell me about a time you had to make a difficult technical decision regarding model
architecture.

Situation: Team was divided between using GPT-3 fine-tuning vs. training a smaller custom model
for a specific NLP task.

Task: Evaluate options and make a data-driven decision that balanced performance, cost, and
maintainability.

Action: I:

Conducted comparative experiments
Created cost-benefit analysis

Built POCs for both approaches
Documented trade-offs in detail

Result: Chose custom BERT model, reducing latency by 60% and costs by 75% compared to GPT-3
fine-tuning, while maintaining required accuracy.

6. Share an experience where you had to handle ethical concerns in LLM development.

Situation: Discovered potential bias in our fine-tuned model's responses for healthcare
recommendations.

Task: Address bias issues while maintaining model performance and ensuring ethical Al practices.
Action: |

Conducted thorough bias analysis

Implemented fairness metrics

Created diverse training datasets
Developed bias monitoring systems

Result: Reduced demographic bias by 80% while maintaining overall model performance,
established new ethical guidelines for future projects.

7. Describe a situation where you had to scale up LLM fine-tuning operations.

Situation: Company needed to scale fine-tuning operations from handling 2 to 20 concurrent model
variants.

Task: Design and implement a scalable fine-tuning infrastructure.
Action: |:

Implemented distributed training

Created automated pipeline orchestration

Developed model versioning system
Built monitoring dashboards

Result: Successfully scaled to handling 25 model variants, reduced training time by 70%, and
improved resource utilization by 45%.

8. Tell me about a time you had to improve model inference latency.



Situation: Fine-tuned model was taking too long to respond in production, affecting user
experience.

Task: Reduce inference latency while maintaining model quality.
Action: |

¢ Implemented model quantization

e Optimized input processing

¢ Used model pruning techniques

¢ Deployed model sharding

Result: Reduced inference latency from 500ms to 100ms while maintaining 97% of original
accuracy.

9. Share an experience of implementing continuous learning for a deployed LLM.

Situation: Production model performance was degrading over time due to changing user patterns.
Task: Implement continuous learning system while ensuring stability.
Action: |:

¢ Developed data collection pipeline

¢ Implemented automated retraining triggers

¢ Created A/B testing framework

¢ Built performance monitoring system

Result: Maintained 95%+ model performance over 6 months, automatically adapting to new
patterns while reducing manual intervention by 80%.

10. Describe a time when you had to handle a major production incident with an LLM.
Situation: Fine-tuned model suddenly started generating inappropriate responses in production.
Task: Identify root cause and implement immediate fixes while minimizing downtime.

Action: I

Implemented emergency rollback

Conducted rapid root cause analysis

Enhanced content filtering

L]
[ ]
L]
e Improved monitoring alerts

Result: Resolved incident within 2 hours, implemented new safety checks, and established incident
response playbook for future issues.
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