
DINESHLAL

15 QUESTIONS
on “Overfitting and
Underfitting” for Data
Science and AI
Interviews

Interview 
Guide



Explanation:
Overfitting occurs when a model learns the training
data too well, including noise and irrelevant details,
leading to poor performance on new data. Think of it
like memorizing the answers to a practice test instead
of understanding the concepts. You might do well on
the practice test, but you'll likely fail the real exam if the
questions are different.

Detailed Explanation:
Overfitting happens when a model is too complex
and captures patterns that are not generalizable. 
This is often caused by having too many parameters
in the model,  excessive training epochs, or
insufficient training data, allowing the model to fit
the training data too closely, capturing even the
noise and outliers. 
As a result, the model performs well on the training
set but poorly on unseen data (test/validation set).
For example, a decision tree that splits too many
times to perfectly classify the training data may end
up misclassifying new, unseen data points.
This is because it has learned the specific nuances
of the training set, including noise and outliers,
rather than the underlying patterns.  
Overfitting is a common problem in machine
learning, especially when dealing with complex
models like deep neural networks. It can lead to
inaccurate predictions and poor generalization
performance.

01 What is overfitting in
machine learning?



Easy Explanation:
Underfitting occurs when a model is too simple to
capture the underlying patterns in the data,
resulting in poor performance on both training and
test data. It's like trying to fit a square peg into a
round hole – the model simply doesn't have the
capacity to represent the data accurately.

Details:
Underfitting means the model doesn't learn
enough from the data and fails to capture the
important patterns. 
This is usually caused by low model complexity,
insufficient training time, or missing relevant
features.  For instance, if you're trying to model
a complex relationship with a linear model, it
will likely underfit because it cannot capture the
non-linearity. 
Consequently, the model shows poor accuracy
on both the training data and unseen data. An
example is using a straight line (linear
regression) to fit a curved dataset. 
The linear model is too simplistic to capture the
non-linear relationship, leading to poor
performance. Underfitting can also occur when
the model is not trained for enough time,
preventing it from learning the underlying
patterns in the data.
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  Aspect
  

  Overfitting
  

  Underfitting
  

  Model
  Complexity
  

  Too high
  

  Too low
  

  Performance
  

  High on
  training, low on
test data
  

  Low on
  both training and
test
  

  Cause
  

  Learning
  noise in the data
  

  Ignoring
  important patterns
  

  Example
  

  Deep
  neural network
with small data
  

  Linear
  regression on non-
linear data
  

Easy Explanation: 
Overfitting means learning too much, including noise, while
underfitting means learning too little. Overfitting is like
memorizing the entire textbook, while underfitting is like not
studying at all.

Details:
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What are the main
differences between
overfitting and underfitting?



Easy Explanation: Check if the training accuracy is
very high, but test accuracy is much lower. This
indicates the model is performing well on data it
has already seen but fails to generalize to new data.

Details:
Overfitting can be identified by comparing the
model's performance on the training set
versus the validation/test set. A large gap
between the two accuracies is a strong indicator
of overfitting. 
This disparity suggests that the model has
learned the specific nuances of the training
data, including noise and outliers, rather than
the underlying patterns. 
Additionally, visualizing learning curves (plots
of accuracy vs. training iterations) can help.
For instance, if a model scores 95% accuracy on
the training set but only 65% on the test set, it's
likely overfitting. 
Another way to identify overfitting is to observe
the model's complexity. If the model has a large
number of parameters relative to the size of the
training data, it is more susceptible to
overfitting.

04 How can we identify
overfitting in a model?



Easy Explanation:
Check if the model performs poorly on both
training and test data. This suggests the model is
too simple to capture the underlying relationships
in the data.

Detailed Explanation:
Underfitting is evident when the model shows
low accuracy on the training data itself. This
means the model is not even able to learn the
patterns present in the data it's being trained
on. 
This could be due to the model being too
simple, not having enough features to
capture the complexity of the data, or not
being trained for a sufficient number of
iterations. 
Learning curves can also be helpful, as they
will show low accuracy and no significant
improvement despite continued training. For
example, a linear regression model achieving
50% accuracy on both training and test sets for
a non-linear dataset clearly indicates
underfitting. 
In this case, a more complex model, such as a
polynomial regression or a decision tree, might
be needed to capture the non-linear
relationships in the data.
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06 What techniques can be
used to reduce overfitting?
Easy Explanation: Use techniques like regularization,
early stopping, and increasing the amount of training
data. These methods help prevent the model from
learning noise and irrelevant details.

Detailed Explanation: 
Add regularization: This involves adding a penalty to
the model's complexity. L1 or L2 regularization
penalizes large coefficients, forcing the model to be
simpler and preventing it from fitting the noise in the
data. This helps the model generalize better to new,
unseen data.
Reduce complexity: Simplify the model by pruning
decision trees, reducing layers in neural networks, or
using simpler model architectures. This prevents the
model from having too much capacity to learn the
training data, which can lead to overfitting.
Data augmentation: Increase the training data size
by generating new samples from existing ones. This
exposes the model to a wider range of variations and
helps it learn more robust and generalizable patterns.
Cross-validation: Employ methods like k-fold cross-
validation for a more robust evaluation of the model's
performance. This helps to ensure that the model is
not overfitting to a particular subset of the data.
Early stopping: Stop training the model when its
performance on a validation set stops improving. This
prevents the model from over-optimizing on the
training data and helps it generalize better to new
data.



Easy Explanation:
Make the model more complex, train for a longer time,
or add more relevant features. This gives the model
more capacity to learn and represent the data
accurately.

Detailed Explanation:
Increase complexity: Add more layers to neural
networks, use more complex model architectures,
or incorporate non-linear transformations. This
allows the model to learn more complex patterns
and relationships in the data.
Train longer: Allow the model more time to learn
the patterns in the data. This gives the model more
opportunities to adjust its parameters and improve
its performance.
Add features: Incorporate more relevant features or
engineer new features from existing ones. This
provides the model with more information to learn
from and can help it capture more complex
relationships in the data.
Reduce regularization: If regularization is being
used, consider reducing its strength to allow the
model to learn more freely. While regularization can
help prevent overfitting, it can also lead to
underfitting if the penalty is too strong.

07 What techniques can be used to
reduce underfitting?



08
What is the bias-variance
tradeoff, and how is it
related to overfitting and
underfitting?
Easy Explanation: Bias is the error due to overly
simple models (underfitting), and variance is the error
due to overly complex models (overfitting). Finding
the right balance between them is crucial for optimal
performance.

Details:
Bias: Error introduced by the model's assumptions.
High bias leads to underfitting as the model
oversimplifies the relationship in the data. For
example, a linear model applied to a non-linear
dataset will have high bias.
Variance: Error from the model's sensitivity to
fluctuations in the training data. High variance
leads to overfitting as the model learns the noise in
the data. A model with high variance will perform
well on the training data but poorly on unseen
data.
The bias-variance tradeoff involves finding the
sweet spot between a model that is too simple
(high bias) and a model that is too complex (high
variance). The goal is to minimize the total error,
which is a combination of bias and variance. This
tradeoff is a fundamental concept in machine
learning, and understanding it is essential for
building effective models.



Easy Explanation:
Regularization adds a penalty for complex models,
discouraging them from learning noise and irrelevant
details. It's like adding a constraint that says, "Keep it
simple!"

Detailed Explanation:
Regularization techniques add a penalty term to the
loss function that the model optimizes. This penalty
discourages the model from learning overly complex
patterns and helps prevent it from fitting the noise in
the data. By adding this penalty, the model is forced to
find a balance between fitting the training data and
keeping the model weights small.

L1 Regularization (Lasso): Encourages sparsity by
forcing some of the model's weights to become
zero, effectively removing those features from the
model. This can be helpful in situations where there
are many irrelevant features.
L2 Regularization (Ridge): Penalizes large weights,
preventing any single feature from dominating the
model. This helps to make the model more robust
to noise and outliers in the data.

For example, in linear regression, regularization shrinks
the coefficients towards zero, making the model less
sensitive to fluctuations in the training data and
reducing the risk of overfitting.

09 How does Random Forest differ
from a single Decision Tree?
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Why is cross-validation
important in avoiding
overfitting?
Easy Explanation: Cross-validation ensures the
model generalizes well to unseen data by training
and evaluating it on multiple different splits of the
dataset. This gives a more robust estimate of the
model's true performance.

Details:
Cross-validation is a technique used to
evaluate the performance of a machine learning
model. It involves dividing the data into
multiple1 subsets (folds) and then training and
evaluating the model multiple times, using
different folds for training and validation in each
iteration. This helps to ensure that the model is
not overfitting to a particular subset of the data
and provides a more reliable estimate of its
performance on unseen data.
One common type of cross-validation is k-fold
cross-validation, where the data is divided into
k folds. The model is trained on k-1 folds and
validated on the remaining fold. This process is
repeated k times, with each fold2 used as the
validation set once. The average performance
across all3 k folds is then used as the final
estimate of the model's performance. Cross-
validation is a valuable tool for avoiding
overfitting and building models that generalize
well to new data.



Easy Explanation:
More data reduces the chance of the model
memorizing noise and irrelevant details. It's like
giving the model a broader perspective,
allowing it to see the bigger picture.

Detailed Explanation:

A larger dataset exposes the model to a
wider variety of examples and patterns,
making it less likely to focus on the specific
nuances of a smaller dataset. 
This helps reduce variance and overfitting
by enabling the model to learn more
generalizable patterns. For example, training
a neural network on 10,000 samples instead
of 1,000 samples often leads to better
generalization and reduced overfitting. 
This is because with more data, the model is
less likely to be influenced by individual data
points or noise, and it can learn more robust
and generalizable patterns.

11 How does increasing the dataset
size help avoid overfitting?
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What role does feature
selection play in avoiding
underfitting or overfitting?
Easy Explanation: Selecting the right features
prevents irrelevant or insufficient data from impacting
the model. It's like choosing the right ingredients for a
recipe – too many or too few can spoil the dish.

Details:
Feature selection is the process of selecting a
subset of relevant features for use in model
construction. It plays a crucial role in avoiding both
underfitting and overfitting.
Overfitting: Removing noisy or redundant features
reduces the model's complexity and prevents it
from learning irrelevant patterns. This helps to
improve the model's generalization performance
and reduce the risk of overfitting.
Underfitting: Adding relevant features provides
the model with more information to learn from,
enabling it to capture more complex relationships.
This can help to improve the model's accuracy and
prevent underfitting.
For example, when predicting housing prices,
using features like "location" and "size" are
relevant, while features like "buyer's name" are
irrelevant and can lead to overfitting. Feature
selection techniques, such as filtering, wrapper
methods, and embedded methods, can be used to
identify the most relevant features for a given task.



Easy Explanation:
Early stopping halts the training process when the
model's performance on a validation set stops
improving. This prevents the model from continuing
to over-optimize on the training data.

Detailed Explanation:
Early stopping is a form of regularization used to
prevent overfitting in machine learning. It works
by monitoring the model's performance on a
separate validation set during training. If the
performance on the validation set starts to4
plateau or decrease while the training
performance continues to improve, it indicates
that the model is starting to overfit. Early
stopping stops the training process at this point,
preventing the model from overfitting to the
training data.
This technique is particularly useful when
training large and complex models, such as
deep neural networks, which are prone to
overfitting. By stopping the training process
early, we can prevent the model from learning
the noise and irrelevant details in the training
data and improve its generalization performance
on unseen data.

13 Can early stopping prevent
overfitting? How?



14
How does dropout work in
neural networks to avoid
overfitting?
Easy Explanation: Dropout randomly disables
neurons during training, forcing the network to learn
more robust and redundant representations. It's like
having different students in a class take turns leading
the discussion, preventing any one student from
dominating.

Details:
Dropout is a regularization technique commonly
used in neural networks to prevent overfitting.
During each training iteration, dropout randomly
"drops out" a fraction of the neurons in a neural
network layer. This means that these neurons are
temporarily deactivated and do not contribute to
the forward or backward pass. This forces the
network to learn more redundant representations
because it cannot rely on any specific neuron to be
always present.
By randomly dropping out neurons, dropout
prevents the network from becoming too
dependent on any single neuron or set of neurons.
This helps to prevent overfitting and improves the
network's generalization ability. Dropout can be
thought of as a form of ensemble learning, where
multiple different networks are trained and their
predictions are averaged.



Easy Explanation:
Data augmentation creates new training samples by
transforming existing data, effectively increasing the
dataset size and diversity. It's like showing the model
different perspectives of the same object.

Detailed Explanation:
Data augmentation is a technique used to increase
the size and diversity of a training dataset by applying
various transformations to the existing data. This5 can
help to reduce overfitting by exposing the model to a
wider range of variations and preventing it from
memorizing the specific details of the original training
data.
Common data augmentation techniques include:

Geometric transformations: Rotating, flipping,
cropping, scaling, and translating the data.
Color space transformations: Adjusting the
brightness, contrast, and saturation of images.
Adding noise: Introducing random noise to the
data.
Mixing images: Combining multiple images to
create new ones.

Data augmentation is particularly useful in image
recognition tasks, where it can significantly improve
the model's robustness and generalization
performance.

15 Can data augmentation help
reduce overfitting? How?
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