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LLM Inference Cost Is Increasing
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Expensive GPU Server Is under Low Utilization
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Expensive GPU Server Is under Low Utilization

Why is GPU underutilized on LLM inference?




How does LLM Inference work?
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LLM Inference Latency Is Dominated by Decoding Phase

Llama 70B serving with maximum batch size on GPUs using vLLM framework.

Decoding / E2E _Prefill
Latency Ratio 128 | 256 | 512 | 1024 | 2048 | 4096 | 8192 | 16384 |32768
128 |18.1%|48.3%|33.7%29.0%1{21.9% [18.8% | 17.1% | 16.5% | 15.2%
256 |78.8%|38.6% |50.6% |45.2%]36.8% |31.4% | 29.4% | 28.2% | 26.4%
512 58.9% (62.6%153.2% |47.9% |45.2% 45.3% | 41.6%
1024 69.0%165.2%160.0% | 62.6% | 53.7% | 50.1%
Decoding | 2048 76.2% (73.9%|76.1% |74.7%
4096
8192
16384
32768




LLM Inference Decoding
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Llama 70B Inference Memory Requirement
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GPU Memory Capacity Limits LLM Inference Batch Size
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GPU Memory Capacity Limits LLM Inference Batch Size
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Batch Queries in Decoding
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Query 2

Query 3
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LLM Inference Has Low Operational Intensity

GEMM LLM Inference
4K x 4K 4K x 4K 16 x 4K 4K x 4K
X X
Input Weight Input Weight
Operational Intensity = 2000 Ops/Byte Operational Intensity = 16 Ops/Byte
4K * 4K * 4K * 2 Operations 16 * 4K * 4K * 2 Operations
(4K * 4K + 4K * 4K) * 2 Byte (16 * 4K + 4K * 4K) * 2 Byte
312 TFLOPS (BF16)
A100 GPU Operational Intensity = = 156 Ops/Byte

2.0 TB/s Bandwidth 13



LLM Inference Has Low Operational Intensity

How can we efficiently serve LLM Inference with

Low Operational Intensity

Compute Throughput

l Operational Intensity =
Memory Bandwidth 1‘
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PIM Provides High Memory Bandwidth
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Individual PIM Device Has Reduced Memory Density

DRAM
DRAM Bank

Bank
/ PU
| UPMEM[1] | AM[2] | FIMDRAM 3]

Memory Density 25% - 50% 75% 75%

[1] The true processing in memory accelerator. In 2019 IEEE Hot Chips 31 Symposium (HCS), pages 1-24. IEEE Computer Society, 2019

[2] System architecture and software stack for GDDR6-AIM. In 2022 IEEE Hot Chips 34 Symposium (HCS), pages 1-25. IEEE, 2022.

[3] 25.4 a20nm 6gb function-in-memory DRAM, based on HBM2 with a 1.2 tflops programmable computing unit using bank-level parallelism, for machine learning
applications. In 2021 IEEE International Solid-State Circuits Conference (ISSCC), volume 64, pages 350-352. |[EEE, 2021.



LLM Inference Requires Large Memory Capacity

Loma 705 | 450 G

4K Context
Batch = 128 140 GB 310 GB

Model Weights KV Cache

DeepSeek OpenAI Gemini Claude

Model /0B 405 B 671 8B
Contexts 4K 128 K 128 K 200 K 2 M 1M 200 K

https://platform.openai.com/docs/models#ol, https://developers.googleblog.com/en/new-features-for-the-gemini-api-and-google-ai-studio/, https://x.ai/blog/grok-3,
https://docs.anthropic.com/en/docs/about-claude/models, The Llama 3 Herd of Models, DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning
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CXL Interconnect Provides Substantial Memory Capacity
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CENT Architecture

CXL Device

CXL Controller

CENT Host CPU

CXL Switch X
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Device Device Device
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Full Transformer Block Execution on the CXL Device

PIM Module 99% .
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Hierarchical PIM-PNM Design

— Global bus from Global Buffer —— Local bus from Bank

Bank Group 0 ~3 ’/',
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(a) GDDR6-PIM Channel

 PNM Units use 16x parallelism, aggregating to 256-bit data access, matching the

Shared Buffer data width.

* PNM Units have 32 lanes, matching with 32 channels, 2 channels per GDDR6-PIM

module.
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Hierarchical PIM-PNM Design

Shared Buffer (64KB)
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MAC All Bank MAC_ABK CHmask OPsize RO CO Regid
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RISCV operation RISCV OPsize PC Rd Rs




CXL Device Architecture
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CENT Data Movement Instructions

Instruction

Assembly

CXL Device < CXL Device

Send SEND_CXL DVid Rs Rd
Receive RECV_CXL
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Shared Buffer — Global Buffer

Write Global Buffer
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CXL Port Architecture

Host / Remote PIM Device
Tx Rx Inter-device Communication Controller
7'y | E Shared
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CXL Port Architecture

Host / Remote PIM Device
Tx Rx
1 |
Flit Pack Flit Unpack
i t t 1 ¥ v ' v
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1 t t i Yy v v v
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'
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Host read data from Local PIM Device
 H2L Request
* L2H Data Response (DRS)

Host write data to Local PIM Device
 H2L Request with Data (RWD)
 L2H No Data Response (NDR)

Local PIM Device send data to Remote PIM Device
* L2R Request with Data (RWD)
 R2L No Data Response (NDR)

Remote PIM Device write data to Local PIM Device

* R2L Request with Data (RWD)
 L2R No Data Response (NDR)
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Inter-Device CXL Communication

SEND RECV M_CAST

[ Multicast ]

CXL Switch
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Inter-Device CXL Communication
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Parallel Model Mapping

Pipeline Parallel Mapping
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Evaluation Methodology

Performance Model Power Model Cost Model
Workload Mapper
i | i
Trace Generator
- | g PIM Cost
- ™\ s 2
R - 10x DRAM Cost [2
amulator-based [1] Micron DRAM [2]
Cycle Accurate  —* |
Simulator Power Model s ~
~ ' ula ° - ~ | < Custom Design [3]
f . ) NRE Cost [4]
f ot Svnthesis Results
C);L C?Tmr:/llca(;cul)n | Yy ) Die Cost
nalytical Mode :
L Y y \ Packaging Cost Y

[1] Ramulator 2.0: A Modern, Modular, and Extensible DRAM Simulator.

[2] UPMEM. Accelerating compute by cramming it into dram memory

[3] Supply chain aware computer architecture. In Proceedings of the 50th Annual International Symposium on Computer Architecture, pages 1-15, 2023.
[4] Moonwalk: Nre optimization in ASIC clouds. ACM SIGARCH Computer Architecture News, 45(1):511-526, 2017



Performance Model

r———--------------—-T ---------- 1 T mmm———— + ----------------- =1
i Self iAttentlon i | RMSNlorm o | | i 1. Vector = {shared buffer addr, vector dim}
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| -l | i ) 8. MAC ABK (channel index, row addr + row index)
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: i :
' | Fully Connection | |
R Trace Generator
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Near-Bank PUs * Number of CXL Flits
MAC All Bank MAC_ABK CHmask OPsize RO CO Regid * Round-Trip Latency [1]
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AiM Simulator CXL Analytical Model

[1] Pond: CXL-based memory pooling systems for cloud platforms.



Micron DRAM Power Model

Ipp IpDQ Irp
VbD VDDQ Vrp
0—RESET_n
o—CK_t,CK_c
o—WCK_tWCK _c¢
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o—1CAJ[10:0]
o—CABLn DQ,| 60 Ohms
DBI_n, oVDDQ
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o0—1VREFC
o—ZQ

Vss
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24Gb and 32Gb densities.
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n=1
fRPJ]I"lT
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n=1
IRAS
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n=1
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n=tRAS+1]
tR
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n=1

tW

P(WR) = (Ippsw — Ippsn) X Vpp/tRCpe

n=1

tRP
P(REF)= Z((IDD on X Vpp) + (N (PRE) X P(PRE)) /tREF

n=1
IRFC

+» Ipps xVpp/tREF (7)
1

n=
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Micron DRAM Power Model

tRAS pew
IpD IppQ Ipp P (ACIBG ) — Z IDD_?N X VDD / IRCpew
n=1
T T T IRP e
oo vboe e P(Prepg) = ZIDDEN X Vpp/tRC e,
o—RESET n —
o—CK_tCK c (RAS
o—WCK_t WCK _c
TSKER P(ACT) = Z(IDDG —Ippsn) X Vop/IRC e,
RESEARCH-ARTICLE | PUBLIC ACCESS Xineo f

What Your DRAM Power Models Are Not Telling You: Lessons from a Detailed
Experimental Study

Authors: £ Saugata Ghose, Abdullah Giray Yaglikgi, Raghav Gupta, Donghyuk Lee, Kais Kudrolli, William X. Liu,
Hasan Hassan, Kevin K. Chang, e Niladrish Chatterjee, Aditya Agrawal, Mike O'Connor, Onur Mutlu Authors

Info & Claims

Proceedings of the ACM on Measurement and Analysis of Computing Systems, Volume 2, Issue 3 « Article No.: 38, Pages 1 - 41
https://doi.org/10.1145/3224419

tRFC
+Y_ Iops x Vop/tREF  (7)
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Cost Model

* GPU: $10,000 per A100, half of available prices
* PIM: 10x standard PIM modules

e Custom Design Cost: NRE, Die and Packaging costs, considering Production Volume

@ Die cost @Packaging cost BNRE cost ;23

30
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CENT versus GPU Baseline

Hardware 32 CXL Devices 4 NVIDIA A100
Memory 512 GB, GDDR6 320 GB, HBM2E
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CENT versus GPU Baseline

Hardware 32 CXL Devices 4 NVIDIA A100
Memory 512 GB, GDDR6 320 GB, HBM2E
Compute Throughput 608 TFLOPS 1248 TFLOPS
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CENT versus GPU Baseline

Hardware 32 CXL Devices 4 NVIDIA A100
Memory 512 GB, GDDR6 320 GB, HBM2E
Compute Throughput 608 TFLOPS 1248 TFLOPS

Peak Bandwidth 512 TB/s 8 TB/s
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CENT versus GPU Baseline

Hardware 32 CXL Devices 4 NVIDIA A100
Memory 512 GB, GDDR6 320 GB, HBM2E
Compute Throughput 608 TFLOPS 1248 TFLOPS
Peak Bandwidth 512 TB/s 8 TB/s
TotaIiZif;f(‘)A/wnserhip 0.73 5/hour 1.76 5/hour
3-vear Rental 1.05 $/hour 5.45 $/hour

Total Cost of Ownership

2.4x
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Cost Efficiency Comparison

Prefill Tokens =512
Decoding Tokens = 3.5K

3-Year
Owned TCO
GPU 1.76 S/hour
CENT 0.73 S/hour

2.4x
Hardware Cost

CENT/GPU Normalized Tokens / s

138 [
70B [N

N

w

Geomean

End-to-End

2.3X
Throughput

CENT/GPU Normalized Tokens / $

138 |
70B [ o
N

Geomean

End-to-End

5.2x
Tokens per $
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Long Context and QoS Analysis
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CENT Latency Breakdown
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Scalability Study

K Tokens / Seconds
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CENT: A CXL-Enabled PIM System

[ Low GPU Utilization]
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CENT: A CXL-Enabled PIM System

7=\
fF=y oS Lye
M

@

2.4x 2.3x
Hardware Cost Throughput

1

[
Eﬁaaagi

(%4

5.2X
Tokens per $

45



PIM Is All You Need: A CXL-Enabled GPU-Free
System for Large Language Model Inference

CENT Paper CENT Artifact
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