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

1. How would you implement custom tokenization in Hugging Face for a specialized
domain?

Key steps for custom tokenization:

Train new tokenizer using tokenizers library
Define special tokens and vocabulary
Configure tokenization rules

from tokenizers import Tokenizer, models, trainers
tokenizer = Tokenizer(models.BPE())
trainer = trainers.BpeTrainer(vocab_size=30000)
tokenizer.train(['path/to/files'], trainer)

2. Explain how to implement gradient checkpointing in a transformer model to handle
memory constraints.

Gradient checkpointing implementation:

Enable memory optimization
Trade computation for memory

from transformers import AutoModelForSequenceClassification
model = AutoModelForSequenceClassification.from_pretrained('bert-base-uncased')
model.gradient_checkpointing_enable()
model.train()

3. How would you implement a custom loss function for a transformer model in Hugging
Face?

Custom Loss Implementation

class CustomModel(PreTrainedModel):
    def compute_loss(self, model, inputs, return_outputs=False):
        labels = inputs.pop('labels')
        outputs = model(**inputs)
        logits = outputs.logits
        loss = custom_loss_function(logits, labels)
        return (loss, outputs) if return_outputs else loss

4. Demonstrate how to implement model parallel training using Hugging Face's
Accelerate library.

Model Parallel Implementation:

from accelerate import Accelerator
accelerator = Accelerator()
model, optimizer, training_dataloader = accelerator.prepare(
    model, optimizer, training_dataloader)
with accelerator.accumulate(model):
    outputs = model(**batch)

5. How would you implement dynamic padding and attention masking for variable-length
sequences?

Dynamic Padding Solution:



from transformers import DataCollatorWithPadding
collate_fn = DataCollatorWithPadding(tokenizer=tokenizer)
dataloader = DataLoader(dataset, 
                      collate_fn=collate_fn,
                      batch_size=8)

6. Explain how to implement custom metrics and callbacks during model training.

Custom Metrics Implementation:

class CustomCallback(TrainerCallback):
    def on_evaluate(self, args, state, control, metrics):
        metrics['custom_metric'] = compute_metric()
        return control
trainer = Trainer(callbacks=[CustomCallback()])

7. How would you implement efficient inference with model quantization in Hugging
Face?

Quantization Implementation:

from transformers import AutoModelForSequenceClassification
model = AutoModelForSequenceClassification.from_pretrained(
    'bert-base-uncased',
    load_in_8bit=True,
    device_map='auto')

8. Demonstrate how to implement custom attention patterns in a transformer model.

Custom Attention Implementation:

class CustomAttention(nn.Module):
    def forward(self, query, key, value, mask=None):
        scores = torch.matmul(query, key.transpose(-2, -1))
        if mask is not None:
            scores = scores.masked_fill(mask == 0, float('-inf'))

9. How would you implement efficient fine-tuning using PEFT (Parameter-Efficient Fine-
Tuning)?

PEFT Implementation:

from peft import get_peft_config, PeftModel, LoraConfig
config = LoraConfig(task_type='SEQ_CLS', r=8, lora_alpha=32)
model = PeftModel.from_pretrained(model, config)
model.train()

10. Explain how to implement custom model architectures using Hugging Face's
transformers library.

Custom Architecture Implementation:

class CustomTransformer(PreTrainedModel):
    def __init__(self, config):
        super().__init__(config)
        self.encoder = CustomEncoder(config)
        self.decoder = CustomDecoder(config)
        self.init_weights()
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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 a custom LRU Cache for caching Hugging Face model
predictions?

Implementation Approach:

An LRU Cache for model predictions can be implemented using a combination of a dictionary and
doubly-linked list:

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

Time Complexity: O(1) for both get and put operations

2. Explain how you would implement efficient token frequency counting for a large corpus
of text using Hugging Face tokenizers?

Solution:

Use a combination of Counter and defaultdict for efficient frequency tracking:

from collections import Counter
from transformers import AutoTokenizer

tokenizer = AutoTokenizer.from_pretrained('bert-base-uncased')
def count_tokens(texts):
    tokens = [t for text in texts for t in tokenizer.tokenize(text)]
    return Counter(tokens)

Key Benefits:

O(n) time complexity
Memory-efficient for large datasets
Handles special tokens automatically

3. How would you implement a sliding window attention mechanism for processing long
sequences?

Implementation:

def sliding_window_attention(query, key, value, window_size):
    batch_size, seq_len, dim = query.shape
    attention = torch.zeros(batch_size, seq_len, seq_len)
    for i in range(seq_len):
        start = max(0, i - window_size)
        end = min(seq_len, i + window_size + 1)
        attention[:, i, start:end] = torch.matmul(query[:,i:i+1,:], 
                                    key[:,start:end,:].transpose(-2,-1))



Complexity: O(n * w) where n is sequence length and w is window size

4. Implement a custom caching mechanism for storing and retrieving tokenized
sequences efficiently.

Solution:

class TokenCache:
    def __init__(self, max_size=1000):
        self.cache = {}
        self.max_size = max_size
        self.access_count = defaultdict(int)
    
    def get_or_compute(self, text, tokenizer):
        if text not in self.cache:
            self.cache[text] = tokenizer(text)

Features:

O(1) lookup time
LRU-based eviction
Thread-safe implementation

5. Design a system to efficiently handle batch processing of variable-length sequences.

Implementation Approach:

def batch_processor(sequences, batch_size=32):
    sorted_seqs = sorted(sequences, key=len, reverse=True)
    batches = [sorted_seqs[i:i+batch_size] 
               for i in range(0, len(sorted_seqs), batch_size)]
    return [pad_sequence(batch) for batch in batches]

Key Features:

Minimizes padding waste
Optimizes memory usage
Maintains sequence order within batches

6. Implement a custom attention mask generator for transformer models.

Solution:

def create_attention_mask(sequence_lengths, max_length):
    batch_size = len(sequence_lengths)
    mask = torch.zeros((batch_size, max_length, max_length))
    for i, length in enumerate(sequence_lengths):
        mask[i, :length, :length] = 1
    return mask

Advantages:

Handles variable length sequences
Optimized for batch processing
Compatible with most transformer architectures

7. How would you implement efficient token vocabulary management for custom
tokenizers?

Implementation:

class VocabManager:
    def __init__(self, initial_vocab=None):
        self.token2idx = defaultdict(lambda: len(self.token2idx))
        self.idx2token = {}
        self.frequencies = Counter()
        if initial_vocab:
            for token in initial_vocab:



                self.add_token(token)

Features:

Dynamic vocabulary expansion
Frequency-based pruning
O(1) lookup time

8. Design a custom pooling mechanism for handling multiple sequence embeddings.

Solution:

def custom_pooling(embeddings, attention_mask, pool_type='mean'):
    if pool_type == 'mean':
        return (embeddings * attention_mask.unsqueeze(-1)).sum(1) / 
                attention_mask.sum(-1).unsqueeze(-1)
    elif pool_type == 'max':
        return torch.max(embeddings * attention_mask.unsqueeze(-1), dim=1)[0]

Supported pooling types:

Mean pooling
Max pooling
Attention-weighted pooling

9. Implement a custom gradient clipping mechanism for training transformer models.

Implementation:

def clip_gradients(model, max_norm=1.0):
    parameters = [p for p in model.parameters() if p.grad is not None]
    total_norm = torch.norm(torch.stack([torch.norm(p.grad) 
                 for p in parameters]))
    clip_coef = max_norm / (total_norm + 1e-6)
    if clip_coef < 1:

Features:

Prevents exploding gradients
Maintains training stability
Configurable clipping threshold

10. Design an efficient caching system for storing and retrieving model weights.

Solution:

class ModelWeightCache:
    def __init__(self, cache_dir, max_models=5):
        self.cache_dir = Path(cache_dir)
        self.max_models = max_models
        self.model_registry = {}
        self.access_times = {}

Key features:

Disk-based caching
LRU eviction policy
Automatic compression
Thread-safe operations



The fastest way to hire remote tech talent | index.dev

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

1. Design a scalable Hugging Face model inference service that can handle millions of
requests per day

Key Components & Considerations:

Load Balancer Layer: Nginx/HAProxy to distribute traffic across inference servers
Model Server Layer: Multiple inference servers running optimized Transformers
Caching Layer: Redis for caching frequent inference results
Queue System: RabbitMQ/Kafka for handling async requests

Architecture:

Use containerized deployment with Kubernetes
Implement model quantization for optimization
Use batch inference when possible
Consider model distillation for faster inference

Scaling Strategy:

Horizontal scaling of inference servers
Auto-scaling based on queue length and CPU usage
Multiple availability zones for redundancy

2. How would you design a distributed model training pipeline for fine-tuning large
language models?

Architecture Components:

Data Pipeline: Distributed storage (S3) + data validation
Training Orchestration: Kubernetes + Kubeflow
Model Storage: Model registry with versioning
Monitoring: Prometheus + Grafana for metrics

Implementation:

Use DeepSpeed/FSDP for distributed training
Implement checkpointing and recovery
gradient accumulation for large batches
Mixed precision training (FP16/BF16)

Code Example:

trainer = Trainer(
    model=model,
    args=TrainingArguments(
        fp16=True,
        gradient_accumulation_steps=4,
        deepspeed='ds_config.json'
    )
)

3. Design a real-time model monitoring system for detecting drift and performance
degradation

System Components:



Metrics Collection: Prometheus for performance metrics
Data Storage: TimescaleDB for time-series data
Alerting: AlertManager for notifications
Visualization: Grafana dashboards

Monitoring Metrics:

Inference latency and throughput
Input distribution shifts
Model confidence scores
Resource utilization

Implementation Example:

from prometheus_client import Counter, Histogram
inference_latency = Histogram('model_inference_seconds', 'Time spent processing')
prediction_counter = Counter('model_predictions_total', 'Total predictions')

4. How would you design a model versioning and deployment system with rollback
capabilities?

Key Components:

Model Registry: MLflow for versioning
Deployment System: ArgoCD + Kubernetes
Testing Pipeline: A/B testing infrastructure
Monitoring: Continuous validation

Deployment Strategy:

Blue-Green deployment pattern
Canary releases for gradual rollout
Automatic rollback triggers
Shadow deployment for testing

Implementation:

model_version = mlflow.register_model(
    model_uri='runs:/run_id/model',
    name='production_model',
    tags={'deployed_by': 'CI/CD', 'version': '2.0.0'}
)

5. Design a system for efficient model parameter sharing across multiple inference
instances

Architecture Components:

Shared Memory: Memory-mapped files
Parameter Server: Centralized parameter storage
Cache Layer: Distributed cache (Redis)
Network Layer: gRPC for communication

Optimization Techniques:

Weight quantization
Sparse parameter updates
Lazy loading of parameters
Parameter sharding

Example Implementation:

from torch.nn.parallel import DistributedDataParallel
model = DistributedDataParallel(model, device_ids=[local_rank])
model.share_memory()

6. Design a fault-tolerant model serving system with zero-downtime updates



System Components:

Service Discovery: Consul/etcd
Load Balancing: Service mesh (Istio)
Health Checking: Liveness/Readiness probes
Deployment: Rolling updates

Fault Tolerance:

Circuit breakers for failure isolation
Automatic failover
Request retry mechanisms
Rate limiting

Implementation:

health_check = FastAPI()
@health_check.get('/health')
async def health():
    return {'status': 'healthy', 'model_version': current_version}

7. How would you design a system for dynamic model quantization and optimization?

System Components:

Profiling System: Performance analysis
Optimization Pipeline: AutoML for quantization
Validation System: Accuracy benchmarking
Deployment System: Model serving

Optimization Techniques:

Dynamic quantization
Pruning and distillation
Knowledge distillation
Hardware-specific optimization

Example Code:

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

8. Design a system for efficient multi-modal model inference (text, image, audio)

Architecture Components:

Input Processing: Parallel preprocessing pipelines
Model Registry: Specialized models per modality
Fusion Layer: Multi-modal feature fusion
Output Handler: Response formatting

Implementation Strategy:

Async processing of different modalities
Batching similar requests
Caching intermediate results
Modal-specific optimization

Example:

async def process_multimodal(text, image, audio):
    results = await asyncio.gather(
        process_text(text),
        process_image(image),
        process_audio(audio)
    )



9. Design a system for automated model retraining based on performance degradation

System Components:

Monitoring System: Performance metrics collection
Trigger System: Automated retraining triggers
Training Pipeline: Automated training jobs
Validation System: Model evaluation

Implementation:

Continuous performance monitoring
Data drift detection
A/B testing new models
Automated deployment

Example Trigger:

def check_performance_trigger():
    if performance_drop > threshold:
        launch_training_job()
        notify_team()

10. Design a system for efficient model ensemble inference with dynamic weighting

Architecture Components:

Model Pool: Multiple model versions
Weight Manager: Dynamic weight adjustment
Inference Orchestrator: Request routing
Performance Monitor: Weight optimization

Implementation Strategy:

Parallel inference execution
Weighted voting mechanism
Online weight updating
Performance-based routing

Example Code:

def ensemble_predict(models, weights, input_data):
    predictions = [m.predict(input_data) for m in models]
    return np.average(predictions, weights=weights, axis=0)
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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 using Hugging Face's tokenizers library?

Implementation Approach:

Here's a basic implementation of a custom WordPiece tokenizer:

from tokenizers import Tokenizer, models, trainers, pre_tokenizers
tokenizer = Tokenizer(models.WordPiece())
tokenizer.pre_tokenizer = pre_tokenizers.Whitespace()
trainer = trainers.WordPieceTrainer(vocab_size=25000, special_tokens=["[PAD]", "[UNK]"])
tokenizer.train(["path/to/files/*.txt"], trainer)

Key points:

Uses WordPiece model for subword tokenization
Implements pre-tokenization with whitespace
Configures vocabulary size and special tokens
Trains on text corpus

2. Write a function to flatten nested tensors in PyTorch while preserving the original
structure for reconstruction.

def flatten_tensor(tensor):
    if isinstance(tensor, torch.Tensor):
        return tensor.view(-1)
    elif isinstance(tensor, (list, tuple)):
        return torch.cat([flatten_tensor(t) for t in tensor])
    return tensor

def reconstruct_tensor(flat_tensor, original_shape):
    start_idx = 0
    result = []
    for shape in original_shape:
        size = np.prod(shape)
        result.append(flat_tensor[start_idx:start_idx+size].view(shape))
        start_idx += size
    return result

Key features:

Recursively handles nested structures
Preserves tensor dimensions
Enables reconstruction

3. How would you implement gradient checkpointing in a transformer model to reduce
memory usage?

Implementation:

from torch.utils.checkpoint import checkpoint

class MemoryEfficientTransformer(nn.Module):
    def forward(self, x):
        for layer in self.layers:
            x = checkpoint(layer, x, use_reentrant=True)
        return x

Benefits:



Reduces memory usage by recomputing activations
Trades computation for memory
Enables training larger models

Configure checkpointing strategically on specific layers where memory usage is highest.

4. Implement a custom callback for early stopping with patience in Hugging Face's
Trainer.

class EarlyStoppingCallback(TrainerCallback):
    def __init__(self, patience=3, min_delta=0.0):
        self.patience = patience
        self.min_delta = min_delta
        self.best_loss = float('inf')
        self.counter = 0
        
    def on_evaluate(self, args, state, control, metrics):
        if metrics['eval_loss'] > self.best_loss - self.min_delta:
            self.counter += 1
            if self.counter >= self.patience:
                control.should_training_stop = True
        else:
            self.best_loss = metrics['eval_loss']
            self.counter = 0

5. Write a function to perform dynamic padding in a custom collate function for
DataLoader.

def dynamic_padding_collate(batch):
    max_len = max(len(x['input_ids']) for x in batch)
    padded_inputs = torch.zeros(len(batch), max_len, dtype=torch.long)
    attention_mask = torch.zeros_like(padded_inputs)
    
    for idx, item in enumerate(batch):
        seq_len = len(item['input_ids'])
        padded_inputs[idx, :seq_len] = torch.tensor(item['input_ids'])
        attention_mask[idx, :seq_len] = 1
        
    return {'input_ids': padded_inputs, 'attention_mask': attention_mask}

6. Implement a custom loss function for contrastive learning with temperature scaling.

def contrastive_loss(embeddings, labels, temperature=0.07):
    similarity = F.cosine_similarity(embeddings.unsqueeze(1),
                                   embeddings.unsqueeze(0), dim=2)
    similarity = similarity / temperature
    
    masks = torch.eq(labels.unsqueeze(1), labels.unsqueeze(0))
    labels = masks.float()
    
    loss = F.cross_entropy(similarity, labels)
    return loss

Features:

Temperature scaling for controlled similarity
Cosine similarity computation
Label-based mask generation

7. How would you implement mixed precision training with custom gradients
accumulation?

Implementation:

scaler = torch.cuda.amp.GradScaler()
accumulation_steps = 4

for i, batch in enumerate(dataloader):



    with torch.cuda.amp.autocast():
        loss = model(batch) / accumulation_steps
    scaler.scale(loss).backward()
    
    if (i + 1) % accumulation_steps == 0:
        scaler.step(optimizer)
        scaler.update()
        optimizer.zero_grad()

Uses automatic mixed precision
Accumulates gradients over multiple steps
Scales loss to prevent underflow

8. Write a function to implement sliding window attention for processing long sequences.

def sliding_window_attention(query, key, value, window_size):
    batch_size, seq_len, dim = query.size()
    padded_key = F.pad(key, (0, 0, window_size//2, window_size//2))
    padded_value = F.pad(value, (0, 0, window_size//2, window_size//2))
    
    chunks = padded_key.unfold(1, window_size, 1)
    attention = torch.bmm(query, chunks.transpose(-1, -2))
    attention_weights = F.softmax(attention, dim=-1)
    
    return torch.bmm(attention_weights, chunks)

9. Implement a custom learning rate scheduler with warmup and cosine decay.

class WarmupCosineScheduler(LambdaLR):
    def __init__(self, optimizer, warmup_steps, total_steps):
        self.warmup_steps = warmup_steps
        self.total_steps = total_steps
        super().__init__(optimizer, self.lr_lambda)
    
    def lr_lambda(self, step):
        if step < self.warmup_steps:
            return float(step) / float(max(1, self.warmup_steps))
        progress = float(step - self.warmup_steps) / float(max(1, self.total_steps - self.warmup_steps))
        return max(0.0, 0.5 * (1.0 + math.cos(math.pi * progress)))

10. Write a function to implement efficient token pruning during inference.

def prune_tokens(hidden_states, attention_mask, threshold=0.1):
    token_norm = torch.norm(hidden_states, dim=-1)
    importance_scores = token_norm * attention_mask
    
    k = int((1 - threshold) * hidden_states.size(1))
    topk_indices = torch.topk(importance_scores, k, dim=1)[1]
    
    pruned_states = torch.gather(hidden_states, 1, 
                                topk_indices.unsqueeze(-1).expand(-1, -1, hidden_states.size(-1)))
    return pruned_states, topk_indices
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