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1 Artificial Intelligence/Machine Learning (AI/ML)
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You are training a Logistic Regression model with L1 regularization on a dataset with
1000 features. After training, only 50 features remain with nonzero coefficients.
Which of the following statements is most accurate?

(A) The model overfitted due to too many irrelevant features
(B) L1 regularization acted as a feature selection mechanism
(@)} The remaining features are guaranteed to be the most predictive
(D) L2 regularization would have produced the same sparsity pattern
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Suppose you are designing a recommendation engine that learns user preferences by
interacting with users over time. The system is penalized for showing irrelevant
content and rewarded when users engage. Which ML paradigm best fits this?

(A) Supervised Learning with labeled engagement data
(B) Unsupervised Learning with clustering of preferences
(@)} Reinforcement Learning with delayed reward signals
(D) Semi-supervised Learning with partially labeled data
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Which of the following scenarios is least likely to benefit from reinforcement learning?

(A) Optimizing robotic arm movements for assembly tasks

(B) Dynamic pricing in e-commerce with changing demand
(@) Predicting customer churn based on historical labeled data
(D) Training an Al agent to play Go at superhuman level
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In a medical test with a rare disease prevalence of 1%, the model achieves 99%
accuracy but fails to identify most diseased patients. Which metric best captures the
model’s real-world usefulness?

(A) Accuracy

(B) Precision

(@) Recall (Sensitivity)

(D) ROC-AUC (Receiver Operating Characteristic-Area Under the Curve)
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You are training a Random Forest model with 1000 trees. The out-of-bag (OOB) error
stabilizes after about 300 trees. Which of the following conclusions is most accurate?
(A) Adding more trees beyond 300 will reduce bias significantly

(B) Adding more trees beyond 300 will only reduce variance slightly, if at all
(@)} The model is underfitting, so adding more trees will improve generalization
(D) Bagging always ensures more trees guarantee better accuracy

TS TSR FATUBTRR ¥ el W FAufifaa s-wges Afde s 3:
TP = 80, FP = 20, FN = 40, TN = 860
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(A) ORI = 0.80, RbId = 0.67, TR = 0.94

(B) ORI = 0.67, RbId = 0.80, TR = 0.94

©) ORI = 0.90, RbId = 0.67, TR = 0.94

(D) ORI = 0.67, Rbld = 0.67, TR = 0.92

A binary classifier produces the following confusion matrix on test data:
TP = 80, FP = 20, FN = 40, TN = 860

Which statement is most accurate?

(A) Precision = 0.80, Recall = 0.67, Accuracy = 0.94

(B) Precision = 0.67, Recall = 0.80, Accuracy = 0.94

(@) Precision = 0.90, Recall = 0.67, Accuracy = 0.94

(D) Precision = 0.67, Recall = 0.67, Accuracy = 0.92
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Which of the following is an example of an intrinsic explainability approach?

(A) Training a Decision Tree instead of a Deep Neural Network
(B) Applying LIME on a black-box model

(@)} Using SHAP values to explain feature contributions

(D) Generating a Partial Dependence Plot
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Consider an explainability study: You train a linear regression model and then use
LIME (local interpretable model-agnostic explanation) to interpret predictions. Which
taxonomy classification is most accurate?

(A) Intrinsic + Model-Agnostic + Local
(B) Intrinsic + Model-Specific + Global
© Post Hoc + Model-Agnostic + Local
(D) Intrinsic + Model-Specific + Local
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Which statement is true but non-obvious about the “Local vs Global” taxonomy?
(A) PDP is always local because it shows marginal feature effects
(B) SHAP is strictly global because it aggregates Shapley values
(@) LIME is strictly global since it fits interpretable models across the dataset

(D) SHAP is local by definition but can be aggregated to global insights
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Why might PDP (Partial Dependence Plots) fail in datasets with correlated features?

(A) It underestimates feature importance by shrinking coefficients

(B) It assumes feature independence, leading to unrealistic marginal distributions
(@)} It ignores the baseline, making plots sensitive to initialization

(D) It cannot represent categorical variables
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In a deep neural network for image classification, which XAl method is least reliable
under adversarial perturbations?

(A) Saliency Maps (vanilla gradients)

(B) Integrated Gradients

G SHAP applied to Deep Explainer

(D) Smooth Grad
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An attacker performs data poisoning by injecting mislabeled samples into the training
set. Which mitigation is most robust against such attacks?
(A) Adversarial training with FGSM perturbations

(B) Differential privacy during training
(@) Certified robustness via randomized smoothing
(D) Data sanitization and anomaly detection pre-training
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Which of the following statements is correct about gradient masking/obfuscation?

(A)
(B)
©
(D)

It increases model robustness by preventing adversarial gradients

It often creates a false sense of robustness, but adaptive attacks can bypass it
It is a certified defense method ensuring robustness guarantees

It is equivalent to adversarial training with strong perturbations
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Which fairness-accuracy trade-off is most unavoidable in real-world ML systems?

(A)
(B)
(@)
(D)

Improving demographic parity always increases overall accuracy
Predictive parity always aligns with demographic parity
Calibration is always consistent with equal opportunity

Equalized odds can conflict with calibration when base rates differ

fFrafafaa & @ 19 91 faeer garar 8 fF 938 TR & vauaud # Tiawiir SRSReT I
IR USRI T Fd B2

(A)
(B)

(@)
(D)

PR fobar S el &
TR 3RSARUA B gl H AT IRTHIER &1 Hd §
TIWIFAR BIeRE DI ATSH B & (o8 Had HIder’Md fheex R AR FHd §

Which of the following explains why Transformers outperform RNNs in large-scale

LLMs?
(A)
(B)

(@)
(D)

Transformers compute sequentially, ensuring temporal consistency

Transformers use self-attention, enabling parallelism and capturing long-range
dependencies

Transformers reduce model parameters compared to RNNs

Transformers rely only on convolutional filters to model context
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Which fine-tuning approach is most parameter-efficient for adapting a pretrained
LLM (Large Language Models) to a domain-specific task?

(A) Full-model fine-tuning

(B) Prompt engineering with zero-shot inference
© Low-Rank Adaptation (LoRA) or Adapter layers
(D) Pretraining again on domain-specific corpus
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Why are U-Net architectures commonly used in diffusion models for image
generation?

(A) They enforce probabilistic guarantees in denoising

(B) They enable efficient down sampling & up sampling while preserving spatial details
© They are pretrained on text corpora and transfer well to vision tasks

(D) They ensure exact likelihood estimation for generated samples
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In Transformer architectures, why does the scaled dot-product attention divide by
Jdi (the dimension of keys)?

(A) To reduce vanishing gradients during backpropagation

(B) To improve parameter efficiency in large models

(@)} To normalize queries and keys to unit vectors

(D) To prevent attention scores from growing too large, stabilizing SoftMax
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Which statement best describes the difference between fine-tuning and prompt-
tuning in LLMs (Large Language Models)?

(A) Fine-tuning modifies a small set of parameters, while prompt-tuning updates all
parameters

(B) Fine-tuning updates model weights, while prompt-tuning learns embeddings
prepended to input

(@)} Fine-tuning is domain-agnostic, while prompt-tuning is always domain-specific

(D) Fine-tuning is faster than prompt-tuning on billion-parameter models
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You train a Naive Bayes classifier (generative) and a Logistic Regression
(discriminative) model on the same dataset. Surprisingly, Naive Bayes outperforms
Logistic Regression on small sample sizes. Why?

(A) Naive Bayes makes fewer independence assumptions

(B) Logistic Regression requires joint probability estimation

(@) Generative models can converge faster with limited data by modelling
(D) Logistic Regression always requires more parameters than Naive Bayes

gmﬁmmmzmmmmﬁmm
(A) gﬁqﬁxﬁﬁﬁsﬁ@@ﬁﬁﬁaﬂwm%mwmsﬁ&ﬁwm
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() ST St A Baf Bid & Afp R His- P PRa &
D) TSRS HiSe Bl ST & gl § &H HEe B SMaeedl gidl 8

Diffusion models often outperform GANs (Generative Adversarial Networks) in image
generation because:

(A) GANSs directly maximize likelihood, while diffusion models minimize it
(B) Diffusion models provide stable training via likelihood-based objectives
(@)} GANSs converge faster but always mode-collapse
(D) Diffusion models require less compute than GANs
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In Neural Style Transfer, the content loss is usually computed from:

(A) Pixel-level differences between content and generated image

(B) Differences between Gram matrices of high-level features

(@)} Differences between deep feature representations in lower convolutional layers

(D) KL (Kullback-Leibler) divergence between latent codes of the style and content
images

3TY TS = 5 AT U HHaR o HAIHE Hd 81 e = 2, RaR = 4 31 ) Siag siTR==
3R T TRy ST & 915, fRar &1 Uieli=e (0-33%) T giil?

You implement a circular queue with size = 5. The front = 2, rear = 4. After two
dequeue operations and three enqueue operations, what will be the position of rear
(0-indexed)?

(A) 0 B) 1

© 2 (D) 4

3y fEAFET TS # A fpy U ST W I} 99 3@TS Hd 8, AfP Tedal 4
SATET TSR AT BT ITANT Hd &1 FaA TR fAUfA A o150 SreafRad s ghflz
A)  O(log n), A Tad Tl firet Tbal &

(B) O(n), NFAR T & TR

(@) O(n log n), R-TR W & HRUT

(D) SORHT, i STt I SIS T fban o Fepa

You apply binary search on a dataset sorted in descending order but mistakenly use
the ascending order logic. What is the worst-case time complexity?

(A) O(log n), but may return wrong results

(B) O(n), equivalent to linear search

(@) O(n log n), due to repeated scanning

(D) Undefined, since binary search cannot be applied

R I 994 9153 9 & IR A B9 91 W Tt 8 Afp I 81 82
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Which statement about linear search vs binary search is correct but non-obvious?

(A) Linear search always outperforms binary search on unsorted data

(B) Binary search is optimal among all search algorithms on sorted arrays

(@)} Linear search is faster than binary search for very large arrays in practice

(D) Binary search requires random access memory, making it unsuitable for linked lists
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Which sorting algorithm is stable and performs best on nearly sorted arrays?
(A) Selection Sort (B) Bubble Sort

(@) Insertion Sort (D) None of the options
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Why is Selection Sort usually worse than Insertion Sort in practice despite the same
O(n”2) complexity?

(A) Selection Sort has higher space complexity

(B) Selection Sort makes more swaps, which are more expensive than shifts in Insertion
Sort

© Selection Sort is unstable, Insertion Sort is stable

(D) Insertion Sort has better cache locality

fpoaid & TR | B |1 FYF G 82
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Which statement about Quicksort is correct?

(A) Worst case O(n”2) happens when pivot is chosen randomly

(B) Quicksort always requires O(n) auxiliary space

(@) Quicksort is stable if implemented with Lomuto partition scheme
(D) Average case is O(n log n) due to balanced partitions

THeHd AIfeT (fevd-3%s) N frdare & garad Uel Aic &1 91 Wig fbar omar 82

A) ol G BT P WRHIHY IgaR gidl @
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(C) TS 9 W O(n log n) TIEH 1 TIRE! <l § 3R Wb RRad fE¥e ok & 1Y 3]
HTH BT 2

(D) fPpure gwildhe Tfered & Al I 38d ol B Jdbdl

Why is Merge sort preferred over Quicksort in external sorting (disk-based)?

(A) Merge sort has better cache performance

(B) Merge sort minimizes comparisons in the worst case

© Merge sort guarantees stable O(n log n) time and works well with sequential disk
access

(D) Quicksort cannot handle duplicate elements efficiently
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In Dijkstra’s algorithm, which condition leads to incorrect results?
(A) Graph has negative edge weights

(B) Graph has cycles

(@) Graph is disconnected

(D) Graph has parallel edges

45Y-BR T9 (NUHTd) R SU-BR 9 (SITETH) & aR # B9 91 Rede a8l @
df Tug@ # N1 gfwa 32

(A) SITHTY U SUHTY ¥ HH FHRT SUART &l §

(B) JIUHTY 3Faes W B TaY BT IRAT go & Il T 3T §

©  SuHud o Redd & quft afddg = oM @ TR ar @

D)  SHTY FI fSHaeS TP WR AR TE! fobaT ST qehell

Which statement about Breadth-First Search (BFS) and Depth-First Search (DFS) is true
but subtle?

(A) DFS always uses less memory than BFS
(B) BFS is optimal for finding the shortest path in unweighted graphs
© DFS is guaranteed to visit all vertices without recursion

(D) BFS cannot be applied to disconnected graphs

TP UTP § HBUMTHSD TS AC BIdT g Afhd BIS BUTHSD IP 8! gidTl 3TUR! Thd-Hid
YA T B HRIAATYAD TUFT B DI TGPl 8 | DI AT TANNGH STAH 3?2

A fEomw uaiived fag SRt gg

(B) SAAT-IS TENRCH

©) TATS-aRYA TENREH

(D) ST TENREH

A graph has negative edge weights but no negative cycles. You need to compute the
single-source shortest paths efficiently. Which algorithm is optimal?
(A) Dijkstra's algorithm with binary heap

(B) Bellman-Ford algorithm
(@) Floyd-Warshall algorithm
(D) Johnson's algorithm
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Q33. 39 UiST H 10 S} &) Fead) wrsd ds H3d € afe- 30 @ 8l 9l 81 59 fRUfa #1
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(A) ey Wy WY 10
(B) %ﬁéﬂﬁ@%ﬁ%ﬁm pd.read_csv(chunksize=.......) BT ITIART B3
©) Hrogdt B o9 & Fd 3R iR I oS &Y
(D) BTSd B IIY U B & foIg 3N Hidt &1 ST B3

You load a 10 GB CSV into Pandas but run out of RAM. Which method is most efficient
to handle this scenario?

(A) Increase system swap space

(B) Use pd.read_csv(chunksize=.......) to process data in batches

© Convert CSV to JSON and reload

(D) Use OpenCV to parse the file directly

Q34. NumPy ¥, np.dot(A, B) UT: URIY ¥ I 3R HiaH W A3 &Y | U H3A A Hal
e del R g 82
(A) g HH CI3H DHIAIGYS! Tl Th 3T T NREH SUTNT Bl §
B) U Wi ¥U I Siifig R aaar §
©) g 3faR g sigr I 7 3P AESs diuauey drssi) &1 BRIl 33T §, ored urgy=
qU & =T S Gl &
(D) T Wiy R A 3197 3y WRd g ofreT 8

In NumPy, why is np.dot(A, B) often much faster than manually looping over rows and
columns in Python?

(A) It uses a different algorithm with lower time complexity

(B) It runs on GPU by default

(@)} It leverages optimized BLAS libraries in C under the hood, avoiding Python loops
(D) It parallelizes automatically across CPU cores

Q35. WesWhar (WRI i, ge aNTw) wra: Juid ader w=ii=a (Tadien) iR &-fFravee
A9d (PUAEH) § WHHY $ Sgd? T 947141 82
(A) g ST oI SIATMIRIE & HH HRdl §
(B) %wm%%uﬁaﬁﬁ;@ﬂeﬁvmmmﬁww&
©) g HIUMBRIICYH DI DIl HP AlSd WIRIC! B TGIdT §
(D) g PI-aa SAMDHIESTH $ MRS a1 3

Why does StandardScaler (zero mean, unit variance) often improve performance in
Support Vector Machines (SVMs) and K-Nearest Neighbours (KNNs)?

(A) It reduces dimensionality of the dataset

(B) It ensures features contribute equally to distance and dot product computations
(@)} It increases model sparsity by shrinking coefficients

(D) It guarantees convex optimization

Page 11| 31
XWZX-HX-X-1-6-1225




1 Artificial Intelligence/Machine Learning (AI/ML)

Q36. I I BIET T 3R Urderd &) Rud Hietersfin # =R A STer uTger o=rT 82
(A) q@ﬁéﬁg@mwms@wm%mﬁ?mwmww
UGN &l
B) TR sifcAfes EmIRMTTH & guié 7&f % gbar
(@) SRR T SfURY QU urderd ¥ 9gaR 8
(D) %WWWWWWWW%WWW%@%ﬁW

Which subtle difference makes PyTorch more popular than TensorFlow in research
prototyping?

(A) PyTorch uses static computational graphs, while TensorFlow uses dynamic graphs
(B) PyTorch cannot support automatic differentiation

(@)} TensorFlow has better GPU support than PyTorch

(D) PyTorch uses dynamic computational graphs, allowing Pythonic debugging

Q37. TNYUDdl UTg: IS MeleTsii & forg =R vl (d@}1.x W) & I UIgerd &l Ui HId
g1 nfheerr & BIe-HIe 3R] B 4 # @A §T, 370 & P19 T PR & TET 22
(A) gT3erd UM & dull I Tellage oxdl § (Sh-a13-3), ol Afea uray= dera
Tl 3R ST fred 8, Siafd SRl &I W ieh U HHEAvH (FHE--Us-3)
P AR BT &

(B) JER ANANEY IHUS P aolg ¥ SUY-a3ds AfcR Aciierhe=a & urgerd,
IR ¥ ST O §

(@) SRR BT R edH U TR feexfod o1 TR a1 7, 5t e TaquRies
A & quie far S g

(D) UIgerd SHUHIRH P SR A oy B SIS U ¥ AHARY b AfSTe
THIwIoH ¥ Sidifesdl s=dr g

Researchers often prefer PyTorch over TensorFlow (v1.x era) for rapid prototyping.
Which of the following is the most accurate reason, considering subtle architectural
differences?

(A) PyTorch executes graphs eagerly (define-by-run), enabling native Python control
flow and debugging, whereas TensorFlow requires static graph compilation (define-
and-run)

(B) PyTorch is faster than TensorFlow in GPU-bound matrix multiplications due to a
superior BLAS backend

(@)} TensorFlow's static graph execution guarantees determinism, which is less desirable
in research experimentation

(D) PyTorch avoids gradient explosions automatically by dynamically normalizing loss

functions during backpropagation
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aamgqatﬁaﬂwqﬂﬁsaﬁﬁn%%q;ﬂtﬂq% ST Sy Y wal u=ig b
AT 7

A) S RAT ATITYE BT TaRS FBTadh Aisd 9199 & HH B §

®) iy fexieqes ReH &1 oRed Bl GH PR A &

€ g e Schie & AR § ©R S 9 SEf 3 &

D) Sidig Sy i & fog st Raa waifeT-uise TRy &I aw &d §

Why are GPUs preferred over CPUs for Al model hosting on cloud/HPC?

(A) GPUs reduce model bias by averaging parallel outputs

(B) GPUs eliminate the need for distributed systems

© GPUs allow larger datasets to be stored in memory

(D) GPUs accelerate parallel floating-point operations required for deep learning

uﬁ‘&ﬁwaqg?rﬁ o FW-F W WHTHY H 95 91 & YT TWRIT F) B b

(A) SYC 3R UST P GRM I U] AgcH/HeAg B e gIdhl &
(B) 3 IRAT B TOITFgRH B Adhd &

(@) d Slfe P! AT I 88 -Te! B UTd &

D)  JPd T Wh & oY HoTeR R &

In PostgreSQL, why might indexes sometimes degrade performance instead of
improving it?

(A) They require additional writes/maintenance during inserts and updates
(B) They prevent parallel query execution
(@)} They cannot handle joins efficiently

(D) They force full table scans

FIF I1 RN tedvasgua $t e Aimdiet & fore gad ugt 82

(A) S5 WG] o aTd ies & 1 WhA1-a9 STgSATeT weéasui-u—l
(B) WQ@%@[ SR P TR T DI BRI TiolaR

©) T&d SpIdct 3R Siigd & 91y Razqd et

(D) DI THHIUd T ad & 91 &8 A IR Syt s

Which scenario is best suited for MongoDB over PostgreSQL?

(A) Schema-less IoT sensor data ingestion with highly variable fields
(B) Complex financial transactions requiring strong ACID compliance
(@) Relational data with strict constraints and joins

(D) Large-scale OLAP queries with complex SQL analytics

b QTS 37H idW fEwiig w3 & o1y S A1 pe-ed BieaR qad vt 82

A)  Wcpd U™ (B) CI ]

© e (D)  BIRGl<d Urs TSR IeT

Which Kubernetes feature is most critical for deploying scalable Al inference services?
(A) Stateful Sets (B) Persistent Volumes

© ConfigMaps (D) Horizontal Pod Autoscaling
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E@nﬁwﬁm%@lﬁﬁ?mﬁmﬁﬁwaﬁﬁﬁ%

(A)
(B)
(@)
(D)

Why is Docker essential in Al/ML model deployment pipelines?

(A) It improves training accuracy by reducing floating-point errors

(B) It automatically optimizes GPU usage

(@)} It provides lightweight, consistent runtime environments across systems
(D) It parallelizes hyperparameter tuning

AT N AR W) ¥ forg w31

A CIBIER fheder @ RId R

®)  TOR, Reaet iR Sed o ¥ WY FE TATAUH B Y ARBRE HIAT
€ $HH TR a1l fSasyd R I & o g8 AlSd BI HicTssl Bl

(D) SsmRite af- T & T TATAuH B BTEH-cd Bl

LangChain is particularly useful for:

(A)
(B)
(@)
(D)

Efficient training of transformer architectures

Orchestrating multiple LLM calls with memory, retrieval, and external tools
Quantizing large models to run on low-power devices

Fine-tuning LLMs with reinforcement learning

@Wmmﬁwaﬁqﬁsﬂiﬁﬁmwgw—aﬁnﬁm
H TSR (FU-¥ srg@a) 3t ura: il urufirear &t wirdl 82

(A)

(B)

(@)

(D)

TASNSMRY YR ASA DI FRR R Sl § IR $Had BIc 3b-[qge Afead o1 uiiférd
Eb_\’_cﬂ%% o ARl /gf o g1 ot § STafes T ot wigH-egf+11 UeRi= a1

}gdl

TSNS Tefs® AfSUe TSTe! & ATHH I ARG B AHdHR AHITHIO H
YR P § _

TAHIRT S UiRIEU ¥ Ugd SHIaRID GRI-H Bl Blchr Hled Pl Huifed ddl

4
TTHI3IRT eaT S ) Hraieg=d fheek ¥ gea ol 8, ord oA Rl & Iy
S 3% Hd g oITdl §

Why is LoRA (Low-Rank Adaptation) often preferred over full fine-tuning when
adapting Large Language Models (LLMs) to new domains?

(A)

(B)

(@)
(D)

LoRA freezes the base model and only trains small rank-decomposition matrices,
reducing memory/computation while maintaining near full fine-tuning
performance

LoRA improves generalization by preventing overfitting through random gradient
perturbations

LoRA compresses the model by pruning redundant neurons before domain training
LoRA replaces attention heads with convolutional filters, enabling domain
adaptation with fewer parameters
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Q45. GABTH Haod THAZARM dSSH & IR H B AT HYT a4 Tal 32
(A) énﬂé?%%%%mmﬂwram%mu TS d N 7 & I+ Uiy d g
%p &1 THF U I AHIT SRISR BT §
(8) SR ST TR oY &l 3 o) Seeaed TR &1 TR 33 &
© A AR Hed o Be SRR e R A el B, R e R el
(D) a@iﬁ%ﬂéﬁm@méﬁ%maﬁwaﬂﬁf@ﬂaﬁwwqm B

g

Which statement about uniform convergence generalization bounds is most accurate?
(A) They guarantee that with high probability, the empirical risk uniformly
approximates the true risk across all hypotheses in the class

(B) They guarantee zero generalization error if the training error is zero

(@)} They apply only to convex hypothesis classes like linear models, not neural
networks

(D) They are weaker than stability-based bounds because they ignore sample
complexity

Q6. v affr @ § gre e Ba (TIEP) i Aeayu 2
@ g e § b it 2 afiet §f Sig Aead iR Aisd & R B ©
B) ?j%ig%ﬁ;mﬁaﬁaﬁﬁmﬁwém%mﬁmﬁaﬁﬂﬁ@g
(@) %gﬁﬁ IRal ¢ & @ 99-Pe RA Acdd IMPARHRE Ul THO-
D) U8 U& SMNM FHd UNHRE <l § o Jfste f$de & d8d 9gd a9 <A
Feads & T ST &1 9ui oal §

Why is the Neural Tangent Kernel (NTK) significant in deep learning theory?

(A) It shows that deep networks are equivalent to linear models under all training
regimes

(B) It replaces backpropagation with kernel regression, improving training speed in
practice

(@)} It proves that all non-convex neural network optimization problems are NP-hard

(D) It provides a tractable kernel approximation describing training dynamics of

infinitely wide neural networks under gradient descent
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S T2PYHE §, IRT A eRAIE S d& SRS & g S Al 21 siRes) &2

(A) T 3R TRIe S e=A Us S 81 91ieY

(B) mmaﬁ@ﬁwwwmmmsﬁ?@ﬁmmm
©) S TepYH fbdl) Y €g Acad & forw SEae @1 warg feu famr siicafeded

B HIAT S
(D) SIAT TSPYH & o T 3R eRAle d9d SUasy g1 I1feT

In domain adaptation, which condition is required for generalization from source to
target domain?

(A) Source and target distributions must be identical

(B) The hypothesis class must achieve low error on source, and source-target
divergence must be small

(@)} Domain adaptation works automatically for any deep network regardless of
divergence

(D) Domain adaptation requires source and target labels to be available

Ael-3mrs dfee ulsay A, i @R I1¥s 39 e Wd Hidl &:

(A) o), Fifes Tt Tenived & dfaR i grar g

®) U TRWRTA  ofiRY e g1t fopan o gar §

©) Q(log T), TP TRITGRTH THY & 1Y ANTRSHS BIdT 8

(D) Q(\sqrt%{T}), o Tl (3R Pih e ¥ a138) SR Y= Jufel ¥ g1y foean <1
gahdl

In the multi-armed bandit problem, the regret lower bound scales as:

(A) Q(T), since all algorithms incur linear regret
(B) Zero regret is achievable with enough exploration
© Q(log T), since exploration is logarithmic in time

(D) Q(\sqrt{T}), achievable by UCB (Upper Confidence Bound) and Thompson Sampling

R Aead Dt gegdl B R B3 H frwafues wie-gdt aféfrd=r & ael 32

A) TP ffuey side I8 9l § & ddes $YC Teue! & gPhEd 3M3cyc
forcT Sed Tdl §

B) T8RS Al & [P Aeadh pi-aad B, 3UIT TsadiRad TSas! & Ufd Jeg ©

(©) %ym%%ﬁ%@hgﬁw@a@ga m@wﬁmﬁw
il

(D) !fﬁﬂﬁﬁﬁﬂ%%ﬁgﬁ@ﬂ%%@ﬁhﬂamﬁ@ﬁﬁ

Why is Lipschitz continuity certification important in verifying robustness of neural
networks?

(A) A Lipschitz constant provides a bound on how much the output can change relative
to bounded input perturbations
(B) It guarantees the network is convex, hence robust to adversarial perturbations
© It ensures gradient values are always bounded by 1, preventing adversarial attacks
(D) It certifies that adversarial examples cannot exist within the input space
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WWﬁ@mmwmmﬁﬁm%m

A TR IRIUHY P Th WY PI-deR] o HH

®) % ERM AH-AfARES B gerR

©  IREUEY P Ryiss TIRITTH I sae®

(D) WW@WW%E&W AR S b FUH TDIS

How can MILP (Mixed-Integer Linear Programming) be applied to RelLU neural
networks?

(A) By treating each ReLU as a smooth convex function

(B) By removing non-linearities during training

(@)} By replacing ReLU with sigmoid approximations

(D) By encoding ReLU activation as piecewise-linear constraints with binary variables

e Aed®! 1 Se3ad 9198 MUAIRM (MSaTd) &7 Y& S 1 3?2
(A) g 3w Ifhuun Bt TS T8t bl

(B) g VM-I Y U B el ©

©) WRal & I T & HRUI STDH! UGS SIai gl ol §

(D) T SR Yad W1 fUFT aTel 3T3eye &) HH TR Hidhdl §

What is the main drawback of Interval Bound Propagation (IBP) in deep networks?

(A) It cannot handle non-linear activations

(B) It becomes computationally intractable

(@)} Its bounds become loose due to error accumulation through layers

(D) It always underestimates the worst-case output

A H B BT UdT T & forg MR W 53 Tamnien &1 IuaiT fasar Sirar 82
A)  Hied iU ®)  sRafcar

() Pt ot fgeaex (D) B Ty

Which algorithm is commonly used for corner detection in images?

(A) Sobel operator (B) Harris detector

(@) Canny edge detector (D) Hough transform

?ﬁ%mﬁﬁﬁhﬁﬁm%mmafwm“ﬁaﬁmﬁﬁfﬁﬁﬂﬁ
(A.) Bl HaIegRHd "edd (THHEH)

(8) H-aIcgRAd R Acad (HITAEA)

(@) - T FRE R

D) Uit @R see Tl

Which method is most commonly used for semantic segmentation with deep
learning?

(A) Fully Convolutional Networks (FCNs)

(B) Convolutional Neural Networks (CNNs)

© K-Means clustering

(D) PCA (Principal Component Analysis)
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Q54. WX ergae A, TuTdd Tgfs (G, gof ar fiefrsr SRt urwmei #) Te gt = 82
(A) O} YTl H ATHRUT & IS A T8l Bid ST UTa- BT 8idT &
®)  faufeT I S 3R® Wea-FUi & HRUI I I Eael! B HTaIHal el
(©) EUTHD Y J g HII3H & iU e TIfST 1 UiRIférd 781 fobar &1 gebell
(D) 38 SU-Veg! H SAp-T3w el fobdl S e

In machine translation, why is morphological richness (e.g., in languages like Turkish
or Finnish) a challenge?

(A) Such languages have no grammar rules to follow

(B) They require massive vocabularies due to many word forms from inflections
(@)} Word embeddings cannot be trained for morphologically rich languages
(D) They cannot be tokenized into subwords

Q55. dfA®T RN 3aIg (TATHE) &t gorT H areRni=l-SMyTiRa Jiferera A=ii= 3rarg
(QTadh) ot Te e A w1 A
A)  TIUHC Ared $I fguTst SR R uRiféa =61 fovar S get
(B) TYUACT A YRTYATE 3fdTe dl fobd, bt Ttavdl b1 3IUTa AT
©) TUUAC B HRIAAYdD g & ol ST &1 saadar ot
(D)  THUHC A I-TRA UeH B e a1, ad BIC ARl 1R & dhigd fodl

What was a key limitation of phrase-based Statistical Machine Translation (SMT)
compared to Neural Machine Translation (NMT)?

(A) SMT models could not be trained on bilingual corpora

(B) SMT produced fluent translations but lacked accuracy

© SMT required GPUs to run efficiently

(D) SMT ignored sentence-level context, focusing only on short phrases

Q56. wmﬁwmmwm%mmmmmm

ITaNT fHar Sran

A Sy (e gedie sfees))
(B) TH1-IHR

(@) BRI

(D) g8 TR T

Which metric is most commonly used to evaluate machine translation quality
automatically?

(A) BLEU (Bilingual Evaluation Understudy)

(B) F1-score

(@)} Perplexity

(D) Word Error Rate
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fFufeafaa # @ o9 91 TR 21 A Rfes ArsfH o1 99 3r=s1 9uiq ®ar1 82
(A) TH-UTH BT IUANT HReh IR-9R 3T dTel WWeq ShH! Pl HepTer

(B) a@aéﬁﬁ%%z{ﬁﬁ &rawugaﬁshvﬁa‘%ﬁﬁqﬁﬁm

() SlagHcy & 3= UTST | 3{IaTG BT

(D) R DI Had a7 H1F a8y ddex H uRafld &

Which of the following best describes semantic mining in text data?

(A) Extracting frequent word sequences using n-grams

(B) Identifying hidden meanings, concepts, and relationships beyond keywords
(@)} Translating documents into another language

(D) Converting text into bag-of-words vectors only

M &1 @S & forg Rifee aefa & smadik R {59 de-ie &1 IuaT fHar wrar 82
(A) fAfes TaMar & fow as2ds TafeT

(B) TR HUYH & AU gHAT HIST

€ hiehe gcHYC HISHT & e TUSiRT TeEieH

(D) TR UURaRT & fow 7w aré

Which technique is commonly used in semantic mining for knowledge discovery?

(A) Word2Vec embeddings for semantic similarity
(B) Huffman coding for text compression

(@)} Apriori algorithm for frequent itemset mining
(D) Merge sort for text preprocessing

fFrufefad & 9 o a1 vans yonferal § welt affore &1 Y 82

(A) fufg o & e wéte e ST 3t Sa=addr gidl

(B) Tg frgm-3nutia yunfert ot sawgedr o JHI Bl §

() g TU-pie AT H SVaH JHIUT Pt TRT T &

(D)  TE AT 3R 31ifRI% I AT & 1 AFG-Fex dP BT Hisd SId1 &

Which of the following is a key advantage of fuzzy logic in Al systems?

(A) It requires precise input data for decision-making

(B) It eliminates the need for rule-based systems

(@)} It guarantees optimal solutions in NP-hard problems

(D) It models human-like reasoning with uncertainty and partial truth values

SHfe® TaniieH A fhea waR 3t w1 YfireT 82

(A) Ig Al &I aIgRI ™ | TdhIs axdl §

(B) T gAfEd oo g for it oRE & & srasiiar gt

© g8 iR ®xdr € i B ¥ e ohfdd Ted € 3R dvireyy od §
D) U8 TeReH § IaRadd & Adbdl &

What is the role of the fitness function in a genetic algorithm?

(A) It encodes individuals into binary strings

(B) It ensures crossover happens between all chromosomes
© It determines which solutions survive and reproduce
(D) It prevents mutation in the algorithm
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P dfeT Aead S U Aite Ffe ST Rvar ®ii urn S 82

@ 39 3Ye & e FoarEe sieeye &t TR 3 §

(B)  q had MTH- TR T BT IUTNT BReb TR0 ST J S &

©  J ol T R & THed &

D) IS TENRGH Bt g1 H SFIHTT ddb 3R 3rIdal! i R f1R 3% §

Why are artificial neural networks often considered part of soft computing?

(A) They guarantee deterministic outputs for all inputs

(B) They avoid training data by using rule-based knowledge only

(@)} They are equivalent to fuzzy logic systems

(D) They rely on approximate reasoning and adaptive learning rather than exact
algorithms

3TY WeH BT SUANT HIP 15131 &t BT AT-HpRia 37311ER Tada #3378 ¢ | a9 W9
fRufa o W wifeaar w1 82

You are performing a non-recursive inorder traversal of a binary tree using a stack.
What is the worst-case space complexity?

(A) O(1)

(B) O(log n)

© O(n)

(D) O(n log n)

s e A>1 qTell TP 29 ¢ad R AR &1 P Al Thia IHTYHE VIS ruféra
99 0(1) ¥ g% d T 1 TR it § (3rsst 8RR urid gu)?

(A) fafraR gifd

(B) Blofcd WfaT

© feiare forew o ry =T

(D) Tferd STgRt €t ob 1y AfHT

Consider a hash table with load factor A>1. Which collision resolution strategy
guarantees successful search in O(1) expected time (assuming good hashing)?

(A) Linear probing

(B) Quadratic probing

© Chaining with linked lists

(D) Chaining with balanced binary trees

A <ffSTE fF MU PR n B T 3rpfid foe R fofaR a<f #=d €1 afe wefide &
ﬁﬁ;mewaﬁﬁwmﬁmﬁm%ﬁwﬁamﬂ@ﬁﬁmmﬂﬁ%ﬁﬁﬁmw
T 27

Suppose you perform a linear search on an unsorted list of size n. If the element is
equally likely to be at any position, what is the expected number of comparisons in
worst case?

(A) ®

(D) n

wls NIz

©
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aﬁqﬁﬁ%ﬁﬁqﬁﬂg‘ TP YU TH I ARG Pl gl ¢ | FHafafaa & 3 & bt
éawgamﬁﬁ =T =N & 3e T YT ITdT 82

(A)

® I s gd ¢

©) foios fore

o) s

Binary search requires random access to elements. Which of the following data
structures makes binary search inefficient or impossible without modification?

(A) Array

(B) Balanced Binary Search Tree
© Linked List

(D) B-tree

g |iféT Teniied & IR # Fraffad # @ 19 91 vy9 T8 22

@A) YoaRE IIE RR B 3R 399 SR WIS Bt gor § HH WY Bl a=gehdl gidl 8
(B) WIS W IR Fad FISHT gHM ST AT J a7 8l &

© %mﬁw$mmwmﬁwﬁ%mwwm
(D) o UENREH 3 O(n log n) T9T H Ted §

Which of the following statements about basic sorting algorithms is correct?

(A) Selection sort is stable and requires fewer swaps than insertion sort

(B) Bubble sort is always faster than insertion sort on nearly sorted arrays

© Insertion sort is stable and efficient for nearly sorted data, while selection sort is
not stable

(D) All three algorithms run in O(n log n) time on average

YA Tl AMHAR TR g9 Tlc T Y Tl Pl A HH WY R BT 8?2
(A) FIfP I8 UdS U H 3HfhdH A J1d Bl & 3R B3 IR WT Hdl &
(B) Fif T8 T8 qU & TAD U H GHRN Had U 9R WU HT §

() Hifh T8 SURM Wi B IRE §IYC HH & RG]

(D) Fifh T8 WU B AdH HRA o 1o18 faUTS 3R fas/a T SUTIT Hl §

Why does selection sort usually perform fewer swaps than bubble sort or insertion
sort?

(A) Because it finds the maximum in each pass and swaps multiple times
(B) Because it always swaps only once per pass of the outer loop
(@)} Because it is adaptive to input order like insertion sort
(D) Because it uses divide and conquer to minimize swaps
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@A) 377 WD UefSd HH H @ TR
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Which scenario leads to worst-case time complexity of O(n*2) in Quicksort when
using the first element as pivot?

(A) Input array is randomly ordered

(B) Pivot is always chosen as the median element

(@)} Input array contains many duplicate elements

(D) Input array is already sorted (ascending or descending)

Hoiare a9 frapard 1 WY Sraiead] & IR 6 ®IF 91 $UF Jal 82

(A) &I & foTE O(log n) TS T &1 MAIHT &Ikl &

B) & 3-@Y UETREH §

(@) frerard & for gaem Horre @ gamT § sifefe AHR &) sawaddr gl §

(D)  HoMIe & forg om) sifaled W @) smawaddl Bkl §, S fdraaic & fou
e & HRU FaraH/3id fRUR F O(log n) T FT A=l gl &

Which statement about space complexity of Mergesort vs Quicksort is correct?
(A) Both require O(log n) auxiliary space

(B) Both are in-place algorithms
(@)} Quicksort always requires more memory than Mergesort
(D) Mergesort requires O(n) extra space, while Quicksort requires O(log n) space in

best/average case due to recursion

% TAENREH & T #, Jsy-ww I (dluwrey) ok SwW-wx 9 (Swey) & IR

H B9 91 $UYF el 32

A)  SUHTY §HRN SIUGUY &1 ga-T H HH HART BT YT HRl §

(B) SIUhTH T 3dcE U § Il BIe UY &1 TR 1 @

©) ST T 3Fdes U | a9 Blel Y WivH & [ 3paA §, Safes  Siumey
ol BIeT 0y g B RS g aar @

(D) %ﬁwwg&n%,?ﬁmsﬁ?mﬁeﬁ?nwﬁwﬁmwaﬁ

Which statement about Breadth-First Search (BFS) and Depth-First Search (DFS) is

correct in the context of graph algorithms?

(A) BFS always uses less memory than DFS

(B) DFS guarantees the shortest path in an unweighted graph

(@)} BFS is optimal for finding the shortest path in an unweighted graph, while DFS is
not guaranteed to find the shortest path

(D) Both BFS and DFS always visit nodes in the same order if the graph is connected
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Q71. fFafafea & Q1 @ Ry Tewwr & tanien #) fawa w= i
A  THHIHEAE
®) U H g 9eh g &
©  UBHNRITIICEAE
D) % MR T g

Which of the following cases will cause Dijkstra’s algorithm to fail?

(A) Graph contains cycles
(B) Graph contains disconnected components
(@)} Graph contains negative edge weights

(D) Graph is directed

Q72. UiSTH, .loc[ ] 3R .iloc[ 1 % ¥ YW 3iaR T 872
(A) loc[ ] guifer FRUFITY T IUTNT FHRAT B, .iloc[ ] AT BT IYANT Bl &
(B) loc[ ] IS d BT IYANT HR 8, .iloc] | IO RUTTT HT ITAT Hxll §
©  aFi e R &1 Iuai &id &
(D) &I had Aad BT ST IR &

In Pandas, what is the main difference between .loc[ ] and .iloc[ ]?

(A) Joc[ ] uses integer positions, .iloc[ ] uses labels
(B) Joc[ ] uses labels, .iloc[ ] uses integer positions
© Both use integer positions

(D) Both use labels only
Q73. fafafEa s &1 ufvomy ar ghm

What will be the result of the following code?
import numpy as np

a = np.arange(9) .reshape (3, 3)
b=a[:, 1]

b[0] = 100

print(a[0,1])

(A) 100

(B) 1

© Error due to view vs copy

(D) Undefined behavior
Q74. fafafad ois &1 n¥eye w1 M

What will be the output of the following code?
import numpy as np

a np.array([1, 2, 3])

b = np.array([[10], [20], [30]])
c=a+b

print(c.shape, c[1,2])

(A) (3, 3), 23

(B) (3, 3), 22

€ (3, 1), 32

(D) Error due to shape mismatch

Page 23| 31
XWZX-HX-X-1-6-1225




1 Artificial Intelligence/Machine Learning (AI/ML)

Q75. fufafEd & A o9 91 Wsfhe-a+ 3! UTIsudag- o7 98! SUaNT 82
(A) g&gﬁcﬂmﬁmwﬁaﬁvwaﬁﬂmﬁwmﬁ%ﬁmﬂﬁﬁ&mﬁ
(B) BT IUTNT FATRIBRR ot (i Tarsit ol fag sy o & fore fear Srar 8
©) g T Su T Ui & THHIGR SRl

D) T8 [ P T G O Hfaefid HRar |

Which of the following is a correct use of Scikit-learn’s Pipeline?

(A) It allows chaining of multiple preprocessing steps and a final estimator into one
object

(B) It is used to visualize decision boundaries of classifiers

(@)} It parallelizes deep learning training across GPUs

(D) It replaces hyperparameter tuning with automatic optimization

Q76. Twwﬁm 1.x Bt g1 § SHYUTE Melersitin & fore sifte aefia
UT?
(A) grEerd A TaRid W0E W (SWRA-aa-3) &1 IuanT o, o aradfe
ST TYd g3, STafdh ¢k Wl 1.x A FRR U1 &1 SUanT foea
(B) AR UM | Urgerd, SRR § A U
(©) UT3eid o fAURld, S~aRual H ST ROl 6T S{HTT T
(D) qIgerd A aanerd &4 I AfSUe TaRIEoH ol AT, STdidh c-=uRudl J Tal

Why was PyTorch originally more popular for research prototyping compared to
TensorFlow 1.x?

(A) PyTorch used dynamic computation graphs (define-by-run), allowing Pythonic
debugging, while TensorFlow 1.x used static graphs

(B) PyTorch was faster than TensorFlow in matrix multiplications

© TensorFlow lacked GPU acceleration, unlike PyTorch

(D) PyTorch automatically prevented gradient explosion, while TensorFlow did not

Q77. fufafad ugerd #is wR faaR &3

Consider the following PyTorch code:

import torch

x = torch.tensor([2.0], requires_grad=True)
y =x * x * x

y .backward ()

print(x.grad)

(A) tensor([4.])

(B) tensor([6.])

© tensor([8.])

(D) tensor([12.])
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M) YT H T3S 3ATH W WIH BT UTIHS 969 T 82

(A) W TR 1 Igarferd Hel

(B) TR a1 iR fonT Ser wnfafes o1 SuahT e 3ect Rew o gHwanaif &1 uar
ST, ST fFgT BRAT 3R BT FHTY HIAT

() 93T UTSTAT! ! Pad T3S RREH I IaoT

(D) A S FIPRCTR DI AT Bl FHIG BHRAT

Which is the primary goal of AlOps platforms in IT operations?

(A) Automating payroll processing

(B) Detecting, diagnosing, and resolving IT system issues using ML and big data
analytics

© Replacing DevOps pipelines with Al-only systems

(D) Eliminating the need for cloud infrastructure

93 UM & TS qTaTarvl § gde HINARH & e o1 @t ae-ie Jad guTd! 32
@A) Rem am o B fay-snaid e

(B) fqiTIfal &1 Ut A o foTe AT T Arefws e THATHRUI

(©) i g1l o) TgIdhd B & eI UTth- 3R FRI&0r a1 FeRe

(D) SHH T-hITST & W1 AN Il Bl Ho HRAT

Which technique is most effective for event correlation in large-scale AlOps
environments?

(A) Manual rule-based filtering of system logs

(B) Randomly sampling logs for anomaly detection

(@)} Graph-based learning or clustering to group related events
(D) Compressing log files with Huffman encoding

TIHTSAHT & Y& RN fIRATT |, DI AT &H iR Hiod 33p9 Alsd &I JgAad-
3T ot ugam @ siftre wifea=melt 141 82

(A) 3 e SNl & Uga B & 100% I tbdl Bt TRET 3d ©

(B) gwmmaﬁmmﬁwﬂmﬁmﬁmww

©) T uga™ & gaT H I8 ford! UfRIefuT SeT St SHTaRgehdl el gidl §
(D) o PHad WRFad AN ST & AT HTH B §

In root cause analysis for AlOps, which subtle distinction makes causal inference
models more powerful than correlation-based anomaly detection?

(A) They guarantee 100% accuracy in identifying system faults

(B) They identify directionality of influence between events, not just statistical
association

(@)} They require no training data compared to anomaly detection

(D) They only work with structured log data
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ey Uisae & givuie & forg Fufafea & @ o1 w1 g8 st 32

Which of the following is always true for the transpose of a matrix product?
(A) (AB)" = ATB'

(B) (AB)' = (BA)T

© (AB)" =

(D) (AB)" = BTAT

AT AifoTe i e sTagie-od AftRT M &1 M=usV' & =1 & faufed fear smar g1 NLP
& fore srara 3rdf famawur (LsA) H, = # Tdhae Al $ BleT AT Fl IuART 32

(A) gg gt 1T &) JAT 81 BT § 3R Had YD M T Wegl hI &1 @1 &

(B) T8 IR-f Afewy ot ot Afewy & ukafdd exar g

© I8 IE ARe ¥ 9dle qAFE @) TR 3T ®

(D) T8 9aY Heaqul o TaT &1 WRfdd sd gu fadiad & &8 s g

Suppose a document-term matrix M is decomposed as M=UsV". In Latent Semantic
Analysis (LSA) for NLP, why is truncating the singular values in 2 useful?

(A) It does not eliminate all noise and keeps only frequent terms

(B) It converts non-square matrices into square matrices

(@)} It guarantees exact reconstruction of the original matrix

(D) It reduces dimensionality while preserving the most important semantic structure

gfe A TP 2x2 AfTRT 8 ORI SMgAT A A=3 3R A,=-1 8, At A BT R w32

If A is a 2x2 matrix with eigenvalues A1=3 and A>=-1, what is the determinant of A?

(A) 3

(B) -2
€ -3
(D) -4

?%$w%mq%mmmmmm$mmﬁmmw

AT 8?2

(A) AfSte fSdc Faa TH-HH JaOa! & STANT FRdl 8, Sldid ged fafd Td iR
fadTa-HH Q! ! BT SUTRT Bt §

B  ISTe Sde gam ge Rt &t gor & ol F et giar ?

(©) e fafr & fo U i siftma ar &1 sa=adar gid! g, siafe IfSte fedie sifmm
R ] WETd U I FHTGINN BT 8

D)  AfSue fede afid gHdH dd Ugan & TIRC! &dT §, Safer e fafty Tar et st

Which statement best describes the difference between Gradient Descent and
Newton’s Method for optimization?

(A) Gradient descent uses only first-order derivatives, while Newton's method uses
both first and second-order derivatives

(B) Gradient descent always converges faster than Newton’s method

(@)} Newton’s method requires a fixed learning rate, while gradient descent adapts
learning rate automatically

(D) Gradient descent guarantees reaching the global minimum, while Newton's

method does not
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Qs5. %;mmﬁwmm(ﬂ@ﬁmmmm@ﬁqﬁ@m%waﬁm
(A Rl TS IR & SOTRd 7 &I e &
(B) ?%ﬁsﬂwﬁﬁaﬁﬁamw@ﬁqm%w%wﬁuﬁuﬁaﬁmw

© P JHIGT AHBIBRU B! T T 8, S g8 i grar 2 & oa milear
SO 1 & SRIeR 8l

D)  FfF Med 9 Had 9ed gaid 8 §

Why is the integral of a probability density function (PDF) over its domain always

equal to 1?

(A) Because the integral represents the expected value of the distribution

(B) Because the PDF is defined as the derivative of the cumulative distribution function
(CDF)

(@)} Because the integral enforces normalization, ensuring total probability mass equals
1

(D) Because probability density functions are always symmetric

Q86. U AT f(x,y)=x?y+3y? | YAUTAT "I V(x,y) T 87
Let f(x,y)=x’y+3y’. What is the gradient vector Vf(x,y)?
(A) (2x, 2y)
(B) (2xy, X*+6y)
(@) (2x, x2+3y)
(D) (x°+3, y?+2x)

Q87. Ife MU UPH WY 6-Uala UrAT hepd &, oY JH T 3 B THTGT T 272

If you roll a fair 6-sided die, what is the probability of rolling an even number?
1 5

(A) P (B) -

6 6
@ = ®

Q88. WIH A aTdl UTsH+ faarur & foe, fFAufafad # Q 99 a1 98l 82
(A) 37U = A, TIRTT = A
(B) 37U = A, TERTT = \2
) 37TET = A2, TERT = A
(D) 370ET = 1, TR = A

For a Poisson distribution with mean A, which of the following is correct?

(A) Expectation = A, Variance = A
(B) Expectation = A, Variance = \°
(@) Expectation = A% Variance = A
(D) Expectation = 1, Variance = A
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TRET Tdteor ¥, p-A = 0.03 &1 T A 7 (@8 AEd g¢ F ardwar w®
a=0.05\alpha = 0.050=0.05 §)?

A) I URGAT 97% JUTAT & 1Y 3R §

(B) XA URDCU P YA §H Bl 3% YU &

©) e YL RS I BIdll, o S IR b s| o i1 ] UG 3% BId

(D) X URGeT gul Afydar & Iy srdighd gl &

In hypothesis testing, what does a p-value = 0.03 mean (assuming significance level
a=0.05\alpha = 0.050=0.05)?
(A) The null hypothesis is false with 97% probability

(B) There is a 3% chance the null hypothesis is true
(@)} If the null hypothesis were true, the probability of observing data as extreme as this
is 3%

(D) The null hypothesis is rejected with absolute certainty

{H, T} IRUTH aTa Wy e & SoTa & fore gt (few o) w82

For a fair coin toss with outcomes {H, T}, what is the entropy (in bits)?

(A) 0
(B) 0.5
(@) L
(D) 2

PpadP-aieR (Pua) e o1 fAufafaa § ¥ 1= a1 qur 98 82

A) $UA fa=d JAMT 8 Du(PIIQ) = Diu(QIIP)

(B) PU e Yod BUR il 8 3R 0 & RIS el ¢ Ufg SR Paaafe p = Q
©  Pud fa=rer Ui faaRull & e T ardiae g8 Hifce &

(D) U fage sifaeardt gud= ard fadvon & o Funrds A & Iahdi g

Which of the following properties of Kullback-Leibler (KL) divergence is correct?
(A) KL divergence is symmetric: Dxi(PI1Q) = Dk (QIIP)

(B) KL divergence is always non-negative and equals O if and only if P = Q
(@)} KL divergence is a true distance metric between probability distributions
(D) KL divergence can take negative values for distributions with overlapping support

fFrafafad # 9 F19 91 &) aefoe adadl x iR v & i urwuf¥e geaT (THas) a1
I 33T qUI BT 82

(A) Y & IH P YR W X B fAfEdar 7 o, 3k 39% faudia

(B) X=Y 8 &I UTiihar

(©) X 3R Y P TR BT TR

(D) g Trdl 3R Herdd Tl & ot SfeR

Which of the following best describes mutual information (MI) between two random
variables X and Y?

(A) The reduction in uncertainty of X given knowledge of Y, and vice versa
(B) The probability that X=Y
(@) The sum of variances of X and Y
(D) The difference between joint entropy and conditional entropy
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WIHAP HTHT SXATA] A SUANITHA! B Fewdl Bl (e & I sraxgdar fazayor &
fore wans e &1 9a 3t IuanT fbar wiar 82

(A GEeIHRur it

Which Al technique is most often used in requirements analysis for extracting user
needs from natural language documents?

(A) Reinforcement learning

(B) Convolutional neural networks

© Natural Language Processing (NLP)
(D) Generative adversarial networks

e -Aarfed FemE/AH RO wiezu/fARar faaru/affausm) ueuarsal |

g&ﬁﬁmﬁmﬁ%aﬂﬂmmwmmw GIRT Aferd giar
|

(A) R 9 Tenived

(B) Fad g ta fAgo aré

(©) THUS HAISd &l IUINT dRoh THI-Y7dT [aGict &1 uar T

(D) fRRR fAg9-smumfa fepy

In Al-driven CI/CD (Continuous Integration/Continuous Delivery/Deployment)
pipelines, anomaly detection during deployment monitoring is usually powered by:
(A) Linear search algorithms

(B) Statistical control charts only
(@)} Time-series anomaly detection using ML models
(D) Static rule-based scripts

T3ITE TAUASRI (ATedwR fae siiaq a%) & 59 @Rur § sqremdedar Fame
SUTAH & T waw ifre gea W wedt 82

(A) SIS T [AL0T

(B) TS TRI&U 3R Ja=

(@) LINERINE]

(D) PEGRRCI ]

At which stage of the Al SDLC (Software Development Life Cycle) does explainability
provide the most value for regulatory compliance?

(A) Requirement analysis

(B) Model testing & validation
(@)} Deployment

(D) Maintenance
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TS (HAedur Sqaude AW Agfed) # &1 yaiquH & o veng g grRi
MR R 5 a1 Jid &1 IuanT fHar Sirdr 82

(A) STAR I
(B) SihR U
(@) gTeamR fafadar

D)  Pie R SR SR b @

Which data source is commonly used by Al tools for bug prediction in SDLC (Software
Development Life Cycle)?

(A) Developer salaries
(B) Docker images
© Hardware specifications

(D) Commit history & issue tracking logs

fFrafafaa 7 @ #1991 ven ga #is Turaw faxawer W g 82

(A) T
(B) Sl
(€) SHHT
(D) TR

Which of the following Al tools focuses on code quality analysis?
(A) SonarQube

(B) Docker
© Jenkins
(D) TensorFlow

TS - srr%rri%:rwsﬂqwﬁ (ATHEdR Sqaulic ARHARS ) UTSUAs-l § Hav-ed ot

1 YfreT
(A) HER SHHE A 3R WBIeT
(B) Ridfed T ke BT
() 3fiel-feaftin O ws
D)  RA SMfcheadar fSumg BT

Which role does Kubernetes play in Al-based SDLC (Software Development Life Cycle)
pipelines?

(A) Container orchestration and scaling
(B) Generating synthetic data

(@)} Auto-debugging source code

(D) Designing neural architectures
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DI T TIAT-TATd SRDIV Pis FhaeiaT § GUR JT Gl 87

(A)
(B)
(@)
(D)

Tscede Rfedy & (@uadh) R U Rerfmm
Lhee W
STy ¢aud

Which Al-driven approach can suggest code refactoring improvements?

(A)
(B)
©
(D)

Pattern recognition on abstract syntax trees (ASTs)
Static arrays

DFS traversal

Manual peer review

wams-aftfa Weng/~ASt ursuars &, uRfraifora vaea aisal &t fARr & fore 3w
f&a=r ar foran wirar 31 FAufafaa o @ 919 a1 geu uftexg "w1-ae fgwe @) s
"PIaivue RITe" T 30 32

(A)

(B)

(@)

(D)

RIS BT Udl T dTd ied i URIIYST Pt URUST 9T ST A7 & HROT
faonfrd g1 8, oraes o e &1 R & uRwifdd #=m siaxaes dar @
Ueh SR AT el AT URefclHT &1 ATHHAT Hell & STl STl oIdgR Ue sgerd

T SHS FATRIBRR BT JIHAT U U HHRT AR I BIdT § Sgl [9add digdT faavur
e B1d & Af ded a8 ©

e RIfea e Afsa At 7 ugd I 7 i 78 SHwifeat &1 g a8, S
A& 3R Rl & S dey gae orar g

In an Al-augmented CI/CD pipeline, drift detection is implemented to monitor
deployed ML models. Which of the following subtle scenarios is an example of
“covariate shift” rather than “concept drift”?

(A)

(B)

(@)

(D)

A fraud detection model’s definition of fraud evolves due to new legal regulations,
requiring label redefinition

A recommendation model faces seasonal changes where user behavior patterns
shift

An image classifier encounters a new camera sensor where pixel intensity
distributions differ, but labels remain the same

A medical diagnosis model encounters previously unseen diseases in patients,
changing the relationship between features and outcomes

000
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