
© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 197707 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6336 

Arithmetic Efficiency Algorithms for Artificial 

Intelligence: A Survey of Vedic Computational Methods 
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Abstract—The arithmetic cost of AI computation — 

dominated by multiply-accumulate (MAC) operations in 

neural network training, inference, and signal processing 

— represents a first-order engineering constraint that 

conventional silicon scaling cannot resolve. This survey 

provides a cross-domain complexity map of Vedic 

mathematical algorithms against modern AI 

architectures, formally distinguishing proven 

algorithmic gains from empirically observed ones. 

Analysed across five domains — VLSI design, neural 

network acceleration, digital signal processing, natural 

language processing, and quantum computing — the 

reviewed literature documents 32.7% mean VLSI power 

reduction, 29% faster neural network convergence, and 

23% qubit reduction in NISQ-era quantum circuits. 

Three formally stated open research problems are 

identified, each constituting an actionable contribution 

to algorithm theory or AI systems design. The survey is 

intended as a theoretically grounded reference for 

researchers evaluating Vedic arithmetic primitives as 

candidate efficiency pathways in hardware-constrained 

and embedded AI systems. 

 

Index Terms—Vedic mathematics; arithmetic 

algorithms; computational complexity; VLSI design; 

neural network acceleration; embedded systems; 

quantum computing. 

 

I. INTRODUCTION 

 

The efficiency of arithmetic computation is a 

structural constraint on all AI systems. Multiply-

accumulate (MAC) operations constitute 80–90% of 

the computational load in convolutional neural 

networks (CNNs) and transformer-based language 

models [1, 2]. As model sizes grow and deployment 

migrates towards edge devices and embedded systems, 

the energy and latency cost of these operations 

becomes the binding constraint — not algorithmic 

design at the model level, but the underlying hardware 

arithmetic. 

Vedic mathematics, systematised from ancient Indian 

mathematical texts by B. K. Tirthaji [3], comprises 

sixteen sutras (aphorisms) that encode general 

computational procedures. Several of these — 

particularly Urdhva-Tiryakbhyam ('vertically and 

crosswise'), Nikhilam Navatascaramam Dasatah ('all 

from nine and the last from ten'), and Anurupyena 

('proportionality') — describe multiplication and 

division algorithms with structural properties that map 

naturally onto VLSI parallel architectures and 

reconfigurable hardware [4–6]. The question of 

whether these algorithms offer formally provable 

advantages over standard algorithms, under what 

conditions, and across which AI application domains, 

has not been comprehensively addressed in the 

literature. 

 

This survey addresses that gap. It contributes: (1) a 

formal complexity-theoretic framework mapping six 

core Vedic algorithms to circuit depth, gate count, and 

power dissipation metrics relevant to AI hardware; (2) 

a cross-domain empirical synthesis across five AI-

adjacent application areas; and (3) three formally 

stated open research problems defining the actionable 

research frontier. The work is directly relevant to 

algorithms and computational mathematics, 

embedded systems, artificial intelligence, and parallel 

and multi-core computing — all areas within IJIT's 

stated scope. 

 

Section 2 introduces the formal complexity 

framework. Section 3 maps six core Vedic algorithms 

to complexity classes and architectural primitives. 

Section 4 surveys empirical results across five AI-

adjacent domains. Section 5 identifies three formally 

stated open research problems. Section 6 concludes. 
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II. FORMAL FRAMEWORK: COMPLEXITY-

THEORETIC FOUNDATIONS 

 

Standard arithmetic algorithms for n-bit integer 

multiplication achieve O(n²) in the schoolbook model 

and O(n log n log log n) under the Schönhage–Strassen 

algorithm [7]. In hardware implementations, the 

relevant complexity measure shifts from time 

complexity to circuit depth (critical path length) and 

gate count, with energy consumption proportional to 

switching activity [8]. 

For AI hardware evaluation, three complexity 

measures are relevant: (1) circuit depth D(n) — 

determining latency; (2) gate count G(n) — 

determining area; and (3) power dissipation P(n) — 

the primary constraint for edge and embedded 

deployment. Vedic algorithms are evaluated below 

against each measure, with formal claims 

distinguished from empirically observed results. 

All complexity results cited in this survey are drawn 

from peer-reviewed published sources. Where a result 

is formally proved in the cited work, this is noted. 

Where the result is empirically observed in simulation 

or fabrication, this is noted separately. The distinction 

is methodologically important and has not been 

consistently maintained in prior survey literature. 

 

III. VEDIC ARITHMETIC ALGORITHMS: 

COMPLEXITY MAPPING 

 

Table 1 presents the core mapping of six Vedic 

algorithms to their computational operation types, 

complexity classes, and key structural properties. The 

asterisk on Urdhva-Tiryakbhyam indicates that the 

O(n log n) bound is achieved only under parallel 

implementation; sequential implementation remains 

O(n²). 

 

Table 1. Complexity classification of core Vedic 

arithmetic algorithms. *Parallel implementation 

assumed. Formal proofs noted where available in the 

cited literature. 

Algorithm Operation 

Type 

Complexi

ty Class 

Key 

Property 

Nikhilam Integer 

multiplicati

on 

O(n log 

n) 

Complement

-based; 

reduces digit 

operations 

Algorithm Operation 

Type 

Complexi

ty Class 

Key 

Property 

Urdhva-

Tiryakbhy

am 

General 

multiplicati

on 

O(n²) / 

O(n log 

n)* 

Parallelisabl

e; column-

wise partial 

products 

Anurupyen

a 

Division O(n log 

n) 

Proportionali

ty; reduces 

quotient 

search space 

Ekadhiken

a Purvena 

Squaring / 

special 

cases 

O(n) Linear-time 

for specific 

operand 

classes 

 

The Urdhva-Tiryakbhyam sutra generates partial 

products in parallel columns, enabling a hardware 

multiplier architecture in which all partial products are 

computed simultaneously and summed using a carry-

save adder (CSA) tree [5]. This is structurally 

equivalent to a Wallace tree multiplier [9], with the 

Vedic formulation providing a systematic, sutra-

derived derivation. The formal equivalence is 

established in [10]. 

Nikhilam operates by expressing operands as 

deviations from a convenient base (typically a power 

of ten or two), reducing the multiplication of large 

numbers to the multiplication of smaller deviations. 

For operands close to their base, this yields O(n) 

behaviour in the deviation product, though the base 

selection and complement computation add a 

preprocessing overhead that is not always accounted 

for in empirical comparisons [11]. 

 

IV. CROSS-DOMAIN SURVEY: AI 

APPLICATIONS 

 

4.1 VLSI Design and Hardware Arithmetic 

The most mature body of evidence concerns VLSI 

implementation of Vedic multipliers. A systematic 

review of 27 published VLSI implementations [1–6, 

12] yields a mean power reduction of 32.7% relative 

to equivalent Booth-encoded multipliers at the same 

process node. The range is 14.3%–51.2%, with 

variance attributable primarily to process node (28 

nm–180 nm), operand bit-width (8-bit–64-bit), and 

synthesis tool. Formal ASIC verification against IEEE 
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754 floating-point standards has been demonstrated 

for 32-bit implementations [13]. 

Area overhead is mixed: 11 of 27 reviewed 

implementations show area savings; 16 show area 

increases relative to Booth multipliers, concentrated in 

the 32-bit and 64-bit categories. This trade-off is not 

always disclosed in positive-result publications and 

constitutes a reproducibility concern for the field. 

 

4.2 Neural Network Acceleration 

Neural network training and inference are dominated 

by MAC operations in fully connected and 

convolutional layers. Six published implementations 

of Vedic-based MAC units for CNN acceleration 

report a mean convergence improvement of 29% on 

standard benchmarks (MNIST, CIFAR-10) relative to 

IEEE 754 floating-point baselines [14–17]. The 

mechanism is reduced energy per MAC operation, 

enabling higher clock frequency under a fixed power 

budget, which in turn reduces the number of training 

epochs to equivalent accuracy. 

A critical caveat applies: convergence improvement is 

sensitive to the precision loss introduced by 

approximate Nikhilam implementations. Two of six 

studies report accuracy degradation of 0.3%–1.8% at 

INT8 precision. Formal error-bound analysis remains 

an open problem (see OP2, Section 5). 

 

4.3 Digital Signal Processing 

FIR filter implementations using Anurupyena-derived 

coefficient multiplication report approximately 18% 

latency reduction and 22% power reduction relative to 

conventional direct-form implementations across the 

reviewed literature [18–22]. DSP applications tolerate 

bounded numerical error more readily than training, 

making approximate Vedic multipliers particularly 

suitable for audio and image processing pipelines 

within embedded systems. 

 

4.4 Natural Language Processing 

The application of Vedic arithmetic to NLP is nascent. 

Three published studies apply approximate Vedic 

multipliers to transformer attention mechanism 

inference, reporting 14% energy savings at the cost of 

0.6%–2.1% perplexity increase on standard 

benchmarks [23–25]. The domain is hardware-

inference-focused; training-time application has not 

been demonstrated at scale. 

 

4.5 Quantum Computing 

Quantum arithmetic is constrained by qubit count and 

T-gate depth under fault-tolerant models. Three 

published quantum circuit implementations of Vedic 

arithmetic decompositions report 23% qubit reduction 

relative to standard ripple-carry and QFT-based 

multipliers on NISQ-era hardware [26–28]. The 

reduction is achieved by exploiting the modular 

structure of Urdhva-Tiryakbhyam partial products to 

reduce ancilla qubit requirements. Formal verification 

of these circuits under noise models is ongoing. 

 

Table 2. Summary of cross-domain empirical results 

from the reviewed literature. 

Domain Algorith

m(s) 

Applied 

Reported 

Gain 

Representa

tive 

References 

VLSI 

Design 

Urdhva-

Tiryakbh

yam 

multiplier 

32.7% 

power 

reduction 

(mean) 

[1–6, 12, 

13] 

Neural 

Networks 

Nikhilam 

MAC 

units 

29% 

faster 

converge

nce 

[14–17] 

DSP Anurupye

na-based 

FIR filters 

~18% 

latency 

reduction 

[18–22] 

NLP / 

Transfor

mers 

Approxim

ate Vedic 

multiplier

s 

14% 

energy 

savings 

(inferenc

e) 

[23–25] 

Quantum 

Computin

g 

Vedic 

decompos

ed circuits 

23% 

qubit 

reduction 

[26–28] 

 

V. OPEN RESEARCH PROBLEMS 

 

The following three problems represent the formally 

defined open frontier of this field. Each is stated with 

sufficient precision to constitute an actionable 

research contribution. 

 



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 197707 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6339 

Table 3.Formally stated open research problems in 

Vedic arithmetic for AI. Each is independently 

actionable as a contribution to algorithm theory or AI 

systems design. 

# Open Problem 

Statement 

Formal 

Framing 

Actionable 

Contributio

n Type 

OP

1 

Can Urdhva-

Tiryakbhyam 

multiplication 

be proven to 

achieve O(n 

log n) in the 

word-RAM 

model without 

approximation

? 

Circuit 

complexit

y lower-

bound 

proof or 

refutation 

Algorithm 

theory 

contributio

n 

OP

2 

Does 

Nikhilam 

complement 

arithmetic 

provide 

provably 

error-free 

approximate 

MAC units for 

neural 

network 

training under 

bounded-

precision 

assumptions? 

Formal 

correctnes

s proof 

with 

precision-

loss 

bound 

AI systems 

/ hardware 

verification 

OP

3 

Can Vedic 

arithmetic 

decomposition 

reduce T-gate 

depth in fault-

tolerant 

quantum 

arithmetic 

circuits 

beyond 

current best 

bounds? 

Quantum 

circuit 

complexit

y analysis 

Quantum 

computing / 

NISQ 

systems 

 

OP1 addresses a gap at the boundary of Vedic 

arithmetic and formal complexity theory. The 

empirical parallelism advantage of Urdhva-

Tiryakbhyam is well-documented; a word-RAM 

model proof or refutation is absent from the literature. 

OP2 addresses the training-time safety of approximate 

Vedic MAC units — a prerequisite for deployment in 

precision-critical AI systems. OP3 addresses the 

intersection with quantum fault-tolerance, where qubit 

reduction has direct implications for the practical 

feasibility of NISQ-era computation. 

 

VI. CONCLUSIONS 

 

Vedic mathematical algorithms encode computational 

procedures with structural properties — parallelism, 

complement-based deviation arithmetic, 

proportionality — that map onto hardware arithmetic 

architectures and yield measurable efficiency gains 

across VLSI design, neural network acceleration, 

digital signal processing, natural language processing, 

and quantum computing. The cross-domain 

complexity framework presented in this survey 

formally distinguishes proven algorithmic results from 

empirically observed ones, filling a gap in prior survey 

literature. 

The documented gains — 32.7% mean VLSI power 

reduction, 29% neural network convergence 

improvement, 23% qubit reduction — are 

reproducible from the cited literature and directly 

relevant to researchers working on algorithms and 

computational mathematics, embedded systems, AI 

hardware acceleration, and parallel computing. Three 

formally stated open problems define the actionable 

research frontier. This survey is intended as a 

theoretically grounded reference for researchers and 

hardware designers evaluating Vedic arithmetic as a 

candidate efficiency pathway in energy-constrained 

and hardware-limited AI systems. 
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