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2 You are a Lead Al Engineer at a startup building a real-time defect detection
system for a high-speed manufacturing line. The factory takes high-
resolution images of products moving on a conveyor belt. You have the

following constraints and requirements:
1. Latency: The system must process images in near real-time (very low

inference time).
7. Accuracy: You need to detect both large surface scratches and very
tiny microscopic cracks.
3. Hardware: The deployment will be on an edge device with limited
memory, but you have a powerful server cluster for the initial
, |

training.
Which architecture
for this task, and why? Justify you

(AlexNet, ResNet, or InceptionNet) would you choose
- answer in detail.
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For the RNN, performmard

_ pass and backwarcmpa\gaﬁon through
time with the data given bejow:

Parameter Value

Tuput sequence length (T) 3 time steps

Input size (x) Scalar (1D)

Hidden state size Scalar (1D)

Tnput values x1=09,x:=06,x=-1.1
Initial hidden state ho=0.0

Input weight W, =0.6 /

Hidden weight Wi=07,”

Output weight Wy=1.0

Bias (hidden) by=0.1 /

Bias (output) b, =0.0

Activation function tanh

True output labels y1=05,y:=0.8,ys =-0.5

Loss function Mean Squared Error (MSE)

Learning rate (1) 0.1

Show the values of the hidden states, output, loss per time step and

gradients.
You are building a Named Entity Recognition (NER) system
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for a news

aggregator. The system must identify "Companies” and "People." Consider

the following two sentences that the Al must process:

1. "Apple is a delicious fruit that grows in temperate climates."”
2. "Apple released its latest quarterly earnings report today."”
In both sentences, the word "Apple" is the very first token.

Analyze why a Standard Unidirectional RNN would likely stru

ggle to
correctly classify "Apple" in the first sentence versus the second sentence as

it processes the text in real-time. Explain how a BERT architecture solves
this specific ambiguity.
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You are training an Al to act as a Document Summarizer for legal archives. The
model is currently reading a 500-word paragraph about a specific person. The
paragraph begins: "Mr. Henderson, who served as the primary legal counsel for
the firm for over thirty years and was known for his meticulous attention to detail
during the merger of 1994, finally decided to...". At the very end of the paragraph
(token #500), the model must predict the correct pronoun to complete the
sentence: "..finally decided to submit __ resignation."

Analyze why a Standard RNN would likely fail to predict "his" correctly in this
scenario, even if it had seen the name "Mr. Henderson" at the start. Explain the
specific mechanism within an LSTM cell that allows it to retain the information
about "Mr. Henderson" over hundreds of intervening words. Compare the
gradient flow in a Standard RNN versus an LSTM during the training process
for this specific long-range dependency.
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