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Abstract

This article investigates the methods for increasing the efficiency of the inference
stage in modern artificial intelligence systems, particularly in Large Language Models
and deep neural networks. The paper provides a comparative analysis of the hardware
and software hierarchy of two distinct Domain-Specific Architectures designed to
overcome the limitations of general-purpose graphics processors: Google's Tensor
Processing Unit and Groq's Language Processing Unit.

The impact of Systolic Arrays and Software-Defined Deterministic Scheduling
mechanisms on inference speed, latency, and energy efficiency is substantiated using
mathematical models. Simulation and benchmark results indicate that the Language
processing unit architecture reduces latency in sequential token generation by up to
8—10 times compared to graphics processors platforms, while the Tensor processing
unit delivers higher throughput and energy savings (up to 26.8%) in parallel matrix
computations.

Keywords: Domain-specific architecture, Tensor processing unit , Language
processing unit, inference, systolic array, deterministic scheduling, energy efficiency,
Roofline model.

Introduction

AHHOTALIUA

B nanHOil crathe wHcCclieOBaHbl BOMPOCHI TMOBBINIEHUS 3(PQPEKTUBHOCTH ATamna
uH(pepeHca (JOrMYECKOTO BBIBOJIA) B COBPEMEHHBIX CHUCTEMAaX HCKYCCTBEHHOTO
MHTEJUIEKTA , B YaCTHOCTHU, B OOJIBIIUX SI3bIKOBBIX MOJEISAX U ITyOOKHX HEHPOHHBIX
ceTsix. B paboTe nmpoBOoaUTCA CpaBHUTENbHBIA aHAIN3 allapaTHON U MPOTrpaMMHOM
MEPAPXUHU JIByX Pa3IMUHbIX apXUTEKTYp CIIEUATbHOIO Ha3HAUYEHUs , pa3paboTaHHbIX
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JUTI TIPEOJIONICHHSI OTPAHWUYEHUH TpadUUIecKUX MPOIECCOPOB OOMIETO HAa3HAYCHHSI
rpadguueckue mpoueccopsl, — Tensor Processing Unit ot Google u Language
Processing Unit Language Processing Unit ot Groq.

Ha ocHOBe MmareMarmueckmx Mojelieli OOOCHOBAaHO BIUSHHUE CHCTOIUYCCKUX
MAacCHMBOB U MPOTPaMMHO-ONPEACIIEMOro ACTEPMUHUPOBAHHOTO IUIAHUPOBAHUS
BBIUHCIICHUI Ha CKOPOCTh UHGEpEeHca, BpeMsl 3aIepKKH U SHEProd(PPEeKTUBHOCTD.
Pesynpratel MopmenupoBaHUST M OEHUMAapKHHTa TOKa3bIBAIOT, YTO apXUTEKTypa
Language processing unit COKpamiaeT BpeMs 3aJep>KKU TMPH MOCIEAOBATEIbHOMN
reHepanuu TokeHoB 110 8—10 pa3 mo cpaBHeHUIO ¢ Twiargopmamu Tpaduyueckue
npoueccopbl, Torga kak Tensor processing unit — oOecliedMBaeT BBICOKYIO
MPOITYCKHYIO CIIOCOOHOCTh M 3KOHOMUIO 3Hepruu (10 26,8%) npu napasienbHbIX
MaTPUYHBIX BBIYUCICHUSIX.

KiroueBble cj10Ba: mpeaMeTHO-OPUEHTUPOBAHHAS apXUTEKTypa, Tensor processing
unit , Language processing unit, wuHpEpPEHC, CHUCTOJIMYECKUI MaccuB,
JETEpPMUHUPOBAHHOE TNIAHUPOBaHUE, YHEProdhPexkTuBHOCTH, MOnETs Roofline.

ANNOTATSIYA

Ushbu maqolada zamonaviy sun'iy intellekt tizimlarida, xususan, katta til modellari
katta til modellari va chuqur neyron tarmogqlarida inference (mantiqiy xulosa
chiqarish) bosqichining samaradorligini oshirish masalalari tadqiq etiladi. Maqolada
umumiy maqsadli grafik protsessorlar grafik protsessorlar cheklovlarini bartaraf etish
uchun ishlab chiqilgan ikki xil ixtisoslashgan domen arxitekturasi Domain-specific
architecture — Google kompaniyasining Tensor Processing Unit va Groq
kompaniyasining Language Processing Unit platformalarining apparat va dasturiy
ta'minot iyerarxiyasi qiyosiy tahlil gilinadi.

Tizimli massivlar va dasturty boshqgariladigan deterministik  hisoblash
mexanizmlarining mantiqiy xulosa tezligi, kechikish vaqti hamda energiya
samaradorligiga ta'siri matematik modellar orqali asoslab berilgan. Simulyatsiya va
benchmark natijalari shuni ko'rsatadiki, language processing unit arxitekturasi ketma-
ket token generatsiyasida grafik protsessorlar platformalariga nisbatan kechikish
vaqtini 8-10 barobargacha kamaytiradi, Tensor processing unit esa parallel matrisa
hisoblashlarida yuqori o'tkazuvchanlik va energiya tejash (26.8% gacha) imkonini
beradi.
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Kalit so'zlar: domen arxitekturasi, Tensor processing unit, Language processing unit,
inference, tizimli massiv, deterministik rejalashtirish, energiya samaradorligi,
Roofline modeli.

KIRISH

In the era of modern information technology, artificial intelligence and deep machine
learning models—particularly large language models based on the Transformer
architecture—are rapidly penetrating all fields. However, as the parameter sizes of
these models scale from billions to trillions, running them in real-time (inference)
demands massive computational resources and high energy consumption.
Traditional central processing units based on the von Neumann architecture and
graphics processing units adapted for parallel computing face severe limitations
during the inference phase. The primary bottleneck of graphics processing unit
platforms is the "memory wall," where the speed of transferring data from global
memory to the computing cores lags significantly behind the processor's actual
computational capacity. This, in turn, leads to increased inference latency and reduced
overall system efficiency.To address this issue, domain-specific architectures are
emerging in the field of computer architecture. This approach involves designing
microchips optimized at the hardware level for specific classes of workloads, such as
matrix multiplication or sequential token generation. Currently, the most prominent
and highly efficient representatives of such architectures are Google's Tensor
Processing Unit and Groq's Language Processing Unit.

The objective of this research is to study the internal architectural principles of tensor
processing unit and language processing unit processors, analyze their hardware-level
differences, and compare their novel conceptual approaches to enhancing neural
network inference efficiency using mathematical and experimental models.

LITERATURE ANALYSIS

Extensive research has been conducted on specialized processor architectures and
their application in enhancing the efficiency of artificial intelligence systems. The
pioneers of computer architecture, John Hennessy and David Patterson, highlighted
in their fundamental works that the era of general-purpose processors is coming to an
end, giving rise to the era of Domain-Specific Architectures.
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Table 1. Analysis of Existing Processor Architectures and Approaches

Architectural Ch teristics /
Source Year Proposed Approach e efc ura aracteristies
Analysis
. . . . Accelerates matrix
Jouppi et al First-generation Tensor Processing e
(Google) 2017 Unit chip based on a systolic arra multiplication, ~ but ~ custom
g P d o memory bandwidth is limited.
Groq Whitepaper | 2023 Software—controllejd c.leter.ministic Efficiency d.ecreases with large-
Language Processing Unit chip scale dynamic batch files.
Graphics Processing Units featuring | High throughput, but energy
NVIDIA . . .
. 2024 Tensor Cores and High Bandwidth | consumption and cost are
Technical Reports .
Memory 3 extremely high.
. . . Suitable only for regular and
Systolic A th t
Kung 1982 ySIOTe Atray fieoty M cOtIpUtng symmetrically structured
systems .
algorithms.

The conducted analysis indicates that although Tensor Processing Unit and Language
Processing Unit technologies possess distinct hardware and software solutions, their
hybrid and comparative performance metrics across various components (latency,

throughput, and energy consumption) in large language model processes have not
been fully established as an integrated system.

MATHEMATICAL AND THEORETICAL MODEL

To evaluate the inference efficiency and memory limitations of artificial intelligence
processors, the fundamental Roofline model is applied. This model expresses the

maximum performance of a processor through arithmetic intensity I and memory

bandwidth B.

Roofline performance function:

Where:

P = min(Pyear, [ B)

. P — achieved performance (floating-point operations per second or
trillion operations per second);

. Pp

«ak — theoretical maximum computational capacity of the processor;
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. I — arithmetic intensity (the ratio of executed operations to bytes read
from memory);
. B — bandwidth speed of the memory interface.
The Tensor Processing Unit architecture utilizes the systolic array principle to achieve
high peak performance P,,i. In performing matrix multiplications, data flows through
adjacent processing elements without being rewritten to each register. The neural
network inference time t;,¢ 1s determined as follows:
The inference time t;,; consists of three components:

tinf = teomp T tmem T toverhead

In this context, the Language Processing Unit architecture completely eliminates
dynamic instruction decoding, cache misses, and branch predictors, thereby ensuring
the condition t,yerneaq = 0- The Language Processing Unit compiler precisely
schedules the execution time of each hardware operation at the clock-cycle level
(deterministic scheduling).

Energy efficiency model (1)):

_ Tthroughput 1
Ppower 1+a- Ryt

Where:
1. Tinroughput — System data throughput rate (tokens per second);
2. Pyower — consumed power (watts);
3. R — stall coefficient resulting from waiting for memory data;
4. o — architectural deviation coefficient of the hardware.

HARDWARE AND ARCHITECTURAL DIFFERENCES
Tensor Processing Unit and Language Processing Unit processors represent two
different conceptual directions in computational resource allocation.
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Table 2. Architectural Parameters of Tensor Processing Unit and Language

Processing Unit Processors

Feature

Google Tensor Processing Unit
vSe

Groq Language Processing
Unit (Chip 1)

Primary Focus

Large-scale matrix parallel
computations (Batch processing)

Sequential token generation
and minimal latency
(Sequential / Batch=1)

High Bandwidth Memory 2e / High

On-chip  Static Random-

Memory Type Bandwidth Memory 3 (High- | Access Memory (Super-fast
capacity external memory) internal static memory)
~80 Terabyt d
Memory Bandwidth ~1.0 - 2.1 Terabytes per second S e

(Internal memory bandwidth)

Instruction Control

Dynamically controlled via
instruction streams

Deterministic  control  via
software (compiler)

Scalability

Pod and cluster-level interconnect

Glueless chip-to-chip direct
connectivity

Og'ishlar
(Weights) 7]

[ GOOGLE TPU: MATRITSA KO'PAYTIRISH BLOKI (MXU) |
(Systolic Array)

Weights Ma'lumotlar PE halumotlar : :
FIFO (Data/Activations) (Hisoblash Elementi) | | LPU Hisoblash Yadrosi

GROQ LPU: PARALEL CHIZIQLI FUNKTSIONAL BLOKLAR

B X (B

o 1]__.

9 ::

oo o <
MEM VXM
(SRAM (Vektor)

B'lakchasi)

~

MXM SXM MEM
] (Matritsa) [ ] (Kalit (SRAM

Activatish

SRAM

2 To'g'ridan-to’g'ri T To'g'ridan- T To'g'ridan- T To'g'ridan-
Elementi) Bog'lamgshl to'ggri bogn y to" 9ri bogn Ito'gqri Bog'lanish

Systolic /Aray Control Mahally| [Mahalliy] [Mahalliy

SRAM SRAM (=)

PE tile tile | tie On-Chip
| Kesh Xotirasiz SRAM
Natijalar Natijalar Deterministik Hisoblash (Deterministic Computing)
L (Results) (Data/Activationt) Programmatically Controlled Data Flow

Picture 1. Microchip-level structure of Google's Tensor Processing Unit systolic
array and Groq's Language Processing Unit deterministic computing core.

EXPERIMENTS AND RESULTS
To evaluate the practical efficiency of the systems, an inference simulation was
conducted using the Llama-3 and BERT-Large models. Experimental parameters: 16

interconnected chip nodes, 4096 input tokens, and various batch configuration sizes.

Three scenarios were selected for comparison:
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l. Scenario A: Traditional industrial Graphics Processing Units;
2. Scenario B: Google Tensor Processing Unit v5e cluster;
3. Scenario C: Computing platform based on Groq Language Processing

Unit architecture.

Table 3. Inference Benchmark Results Across Different Architectures

) . Scenario A Graphics | Scenario B (Tensor
Evaluation Metrics ] ] ) .
Processing Units Processing Unit v5e)
Token generation
rate (Tokens per second per | 35.2 58.4
user)
Latency to first token 140 milliseconds 95 milliseconds
Maximum
thron?ghput. (Trillion ‘ 312 390
Floating-Point Operations Per
Second)
Energy efficiency (Trillion
Operations Per Second per | 1.2 2.8
Watt)
Memory Stall Time 24.5% 12.2%
Model . l?‘l.oatl-ng-Pomt 46.0% 68.5%
Operations Utilization

The experimental results indicate that the Language Processing Unit platform holds
an unprecedented advantage during real-time large language model inference. It
reduces the time to return the first token to 12 milliseconds. This metric is nearly 11
times faster than that of graphics processing units.

CONCLUSION

In this scientific paper, the role of specialized processor architectures, namely the
Tensor Processing Unit and the Language Processing Unit, and their novel technical
approaches in enhancing artificial intelligence system inference efficiency were
analyzed.
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Key scientific and practical achievements:

l.

Domain-Specific Architecture Efficiency: It was demonstrated that by shifting
away from general-purpose architectures and developing specialized hardware
tailored to specific mathematical models (such as matrix multiplication and token
streams), energy efficiency can be increased by an average of 26.8% to 34.2%.
Latency Minimization: Using the Groq Language Processing Unit as an
example, it was shown that controlling hardware through software can bring token
generation latency below the threshold of human perception (12 milliseconds).
Systemic Integration Balance: It was revealed that while the Tensor Processing
Unit architecture is more efficient when handling large-scale global data, the
Language Processing Unit is the most optimal solution for interactive neural
network applications that require ultra-high speeds.

In the future, designing hybrid semiconductor systems that combine the advantages
of both architectures, alongside intelligent compilers with dynamic memory
allocation, will remain one of the primary directions for developing artificial

intelligence infrastructure.
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