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1. Trends of LLMs
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Since GPT-2, over 87 LLMs have been released, averaging 217 billion parameters.

The Universe of LLMs01.



- 5 -

Power-Law Scaling in Pre-training Language Models02.

“Language modeling performance improves smoothly as we increase the model size, dataset size, 
and amount of compute used for training. For optimal performance, all three factors must be scaled up 
in tandem.” — Kaplan et al., 2020

1. Trends of LLMs
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OpenAI , “Scaling Laws for Neural Language Models,” arXiv 2020: https://arxiv.org/pdf/2001.08361

https://arxiv.org/pdf/2001.08361
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The Compute Boom and Industry Leadership03.

Training compute for top models doubles every 4–5 months

1. Trends of LLMs

Recent industry-driven models account for 90% (ruled by scaling laws)

GPT-3
May 2020

X1.3k / 4 yrs

The 2025 AI Index Report: https://hai.stanford.edu/ai - index/2025 - ai- index - report

https://hai.stanford.edu/ai-index/2025-ai-index-report
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https://hai.stanford.edu/ai-index/2025-ai-index-report
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Training Data is Running Out04.

“We’ve achieved peak data and there will be no more.,”  NeurIPS, 13th Dec. 2024.

1. Trends of LLMs

https://www.nature.com/articles/d41586 - 024 - 03990 - 2

Ilya Sutskever
OpenAI Co - Founder

https://www.nature.com/articles/d41586-024-03990-2
https://www.nature.com/articles/d41586-024-03990-2
https://www.nature.com/articles/d41586-024-03990-2
https://www.nature.com/articles/d41586-024-03990-2
https://www.nature.com/articles/d41586-024-03990-2
https://www.nature.com/articles/d41586-024-03990-2
https://www.nature.com/articles/d41586-024-03990-2
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Test-Time Scaling: Simple Yet Powerful05.

During inference, achieving OpenAI o1-preview level with just Budget Forcing
If the model stops too early, prompt it to continue reasoning by appending "Wait“
If necessary, forcibly end internal thinking with an end-of-thinking token

1. Trends of LLMs

s1: Simple test - time scaling, arXiv 2020: https://arxiv.org/abs/2501.19393

Skipped?

Wait..

Correct Answer

Wrong Answer

https://arxiv.org/abs/2501.19393
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Training Scaling vs Test-Time Scaling — OpenAI06.

On the math benchmark, Test-Time Scaling has higher performance improvement efficiency

1. Trends of LLMs

https://www.forethought.org/research/inference -scaling - reshapes -ai-governance?utm_source=chatgpt.com
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Reasoning Inference 07.

Computing Paradigm Shift
Accuracy improvement from Train → Accuracy improvement from inference
☞ Reasoning tasks (math, code, legal) demand >100× inference compute.

Mitigation of training data depletion issue
Improvement of reliability and explain-ability

Mathematics/Science problem solving
Code generation and debugging
Medical/Legal reasoning
Knowledge-based Q&A
Multi-stage decision-making

Application areas

1. Trends of LLMs
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The Context Explosion08.

Context window sizes are exploding—KV cache demand is growing 30× per year
☞ Effective Context length increases x3000/year

1. Trends of LLMs

https://epoch.ai/data - insights/context -windows

Llama - 4 Scout
Context Window 10M

Effective 460k

Gemini 2.5 Pro
Context Window 1M

Effective 880k

https://epoch.ai/data-insights/context-windows
https://epoch.ai/data-insights/context-windows
https://epoch.ai/data-insights/context-windows
https://epoch.ai/data-insights/context-windows
https://epoch.ai/data-insights/context-windows
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Physical AI09.

“The next wave of AI is Physical AI.” — Jensen Huang, GTC 2024.

Robot System Cosmos: The World Foundation Model Platform

1. Trends of LLMs

https://www.youtube.com/watch?v=9Uch931cDx8

https://www.youtube.com/watch?v=9Uch931cDx8
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World Models require massive memory and compute for simulation.10.

Memory Intensive
State and space storage: need to preserve 3D environment, physics simulation, etc., for a long period
KV cache + World State merging → results in higher memory demand

1. Trends of LLMs

Compute Intensive
Simulation computation: perform physics law calculations at each step
Multi-modal Inference, Real-time interactivity

https://www.youtube.com/watch?v=PDKhUknuQDg

Google Genie3: State-of-the-Art World Model

https://www.youtube.com/watch?v=PDKhUknuQDg
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Different Workloads, Different Demands11.

1. Trends of LLMs

Training Inference World Model

Compute - Intensive
- Large batch size
- Long training epochs

Latency - sensitive
- Small batch size
- Fast response for users

Compute + Memory heavy
- Physics & simulation steps
- Multimodal reasoning

Moderate memory
- Fits large batches

Memory - bound
- KV Cache dominates
- Context window growth

Memory footprint explodes
- World state + KV Cache

PB - scale Storage
- Sequential access

Light storage
- Model weights & caching

Massive synthetic data
- Simulation logs
- Multimodal inputs

High - bandwidth training
- Low - latency
- All reduce

High - throughput serving
- Massive concurrent user request 

Real - time streaming
- High BW & low - latency
- Real - time multi- agent
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System Complexity & Memory Wall01.

Repeated composition between AI Model and Micro Service(SW): Compound AI System

Compound AI System The deepening of the "Memory Wall"

2. Computational Memory

The growth of memory bandwidth is much slower than that of model size
→ Emergence of ‘Computational memory’ that utilizes internal memory bandwidth

AI Model DB

Search

Calculation

Coding

989 TFLOPS 
(TF32)

FLOPS(32bit): 100 thousands x/year

Memory BW(GB/s): 3.6x/year
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“Computational” Memory is Rising02.

2. Computational Memory

Rising technology to overcome memory bandwidth bottleneck
Leverage internal bandwidth to achieve much higher throughput
Perform the computation in-place, cutting data movement and boosting energy efficiency

Marvell
- CXL near-memory accelerator: Structera A 2504

SK Hynix
- PIM: GDDR6-AiM
- PIM-based accelerator: AiMX

Examples

• Samsung
- PIM(Processing In Memory): HBM2-PIM(POC w/ AMD MI100 GPU), LPDDR-PIM
- NDP(Near Data Processing): CXL-PNM(CMM-DC)

Samsung  PIM & CXL - PNM
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Memory vs Accelerator Mode03.

2. Computational Memory

“Computational Memory”-as-a-Memory “Computational Memory”-as-a-Accelerator

• Computational memory is controlled to xPU - device

• Controlled by xPU’s programming model (eg. r/w cmds )

• Need to modify xPU’s SW to use  a computational memory

• Eg. Samsung HBM/LPDDR - PIM, SK Hynix GDDR6 - AiM

• Computational memory is shown as a kind of accelerators

• Controlled by host - side programming model (eg. APIs)

• Need to expand host - side APIs for a new compute device

• Eg. Samsung CMM - DC, SK Hynix AiMX, Marvell Structera A 2504 

xPU Device memory

Compute Units

CPU @ Host PCIe Memory Expander

Compute Units
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Legacy SW Stack for AI and HPC04.

2. Computational Memory

Parallel Programming Model
(OpenMP , SYCL, ….)

Deep Learning Compiler
(TVM,  OpenXLA , ….)

HPC AI

LLVM/GCC  Compiler

Back - end Compiler

Deep Learning Framework
(PyTorch , TensorFlow,  ….)

Compute Kernels
(cuDNN , ….)

Lang - Runtime
(eg. omp runtime , ….)

SDK

System SW
Host Runtime

(c udart - host , ….)

User - level Driver
(CUDA driver API,  ….)

Device Programming Model
(CUDA, ROCm , ….)

Device Runtime
(c udart - device , ….)

Device

Kernel - level Driver
(nvidia.ko , ….)

OS Kernel
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SW Stack: “Computational Memory”-as-a-Memory05.

2. Computational Memory

Parallel Programming Model
(OpenMP , SYCL, ….)

Deep Learning Compiler
(TVM,  OpenXLA , ….)

HPC AI

LLVM/GCC  Compiler

Back - end Compiler

Deep Learning Framework
(PyTorch , TensorFlow,  ….)

Compute Kernels
(cuDNN , ….)

Lang - Runtime
(eg. omp runtime,  ….)

SDK

System SW
Host Runtime

(c udart - host , ….)

User - level Driver
(CUDA driver API,  ….)

Device Programming Model
(CUDA, ROCm , ….)

Device Runtime
(c udart - device,  ….)

Device

Kernel - level Driver
(nvidia.ko , ….)

OS Kernel

xPU venders for PIM need to modify their drivers and runtimes

Need to be 
modified

Need to be 
provided

Existing programming models should 
be extended to support MCC devices

LLVM/GCC need to be extended to 
1) support extended programming model (front - end)
2) support MCC hardware (middle - end)

PIM execution path should be added in 
underlying implementation of PyTorch

Deep learning compiler should be 
extended to support MCC hardware

MCC compute library should be provided 
by MCC device vendor

PIM back - end compiler should be provided 
by PIM vendor

Device driver and runtime should be 
modified by xPU vendor for MCC device
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SW Stack: “Computational Memory”-as-a-Accelerator06.

2. Computational Memory

Parallel Programming Model
(OpenMP , SYCL, ….)

Deep Learning Compiler
(TVM,  OpenXLA , ….)

HPC AI

LLVM/GCC  Compiler

Back - end Compiler

Deep Learning Framework
(PyTorch , TensorFlow,  ….)

Compute Kernels
(cuDNN , ….)

Lang - Runtime
(eg. omp runtime,  ….)

SDK

System SW
Host Runtime

(c udart - host,  ….)

User - level Driver
(CUDA driver API,  ….)

Device Programming Model
(CUDA, ROCm , ….)

Device Runtime
(c udart - device,  ….)

Device

Kernel - level Driver
(nvidia.ko , ….)

OS Kernel

Memory vender need to provide Host/device runtime and user/kernel level driver

Need to be 
modified

Need to be 
provided

Driver APIs are needed to be 
defined for an MCC device

An execution path of MCC device should be 
added in underlying implementation of PyTorch

Deep learning compiler should be 
extended to support MCC hardware

Host/device  runtime and user/kernel - level driver 
are need to be provided byMCC device vendor

Existing programming model/front - end 
compiler should be extended to support MCC 
devices
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OneMCC Overview07.

2. Computational Memory

OneMCC: A unified SW interface for “Memory-Centric Computing”

User - level
Device Driver

Device Runtime

Compute Kernels

Host Runtime

LLVM/GCC Compiler

Back - end Compiler

System SW SDK

Device Emulator

Host Simulator

Device Simulator

Simulator

Parallel Programming 
Model

Host Emulator

OneMCC
Device Programming 

Model

Deep Learning Compiler

Kernel - level
Device Driver Reference 

component

Mandatory 
component
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2. Computational Memory

Industry efforts for heterogeneous accelerating devices
OpenCL (Khronos Group, ‘08) → SYCL (Khronos Group, ‘14) → DPC++ (Intel, ‘18) 
→ oneAPI (Intel, ‘20) → UXL Foundation (Intel, ARM, Qualcomm, Samsung, etc., ‘23~)

oneAPI Overview08.

UXL(Unified Acceleration): under Linux Foundation
A non-profit consortium that promotes an open standard ecosystem for heterogeneous computing 
through oneAPI
A unified programming model not limited to a specific manufacturer (Open-source S/W)
“vendor-neutral software ecosystem for multi-architecture accelerated computing” - UXL
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Toward an open specification for OneMCC09.

2. Computational Memory

There is plan to define OneMCC specification within the UXL Foundation
☞ Open to collaboration with organizations(Khronos, … ) to standardize OneMCC

User - level
Device Driver

Device Runtime

Compute Kernels

Host Runtime

LLVM/GCC Compiler

Back - end Compiler

System SWSDK

Parallel Programming 
Model

Device Programming 
Model

Deep Learning Compiler

Kernel - level
Device Driver

oneMCC
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Seungwon Lee, Master, Samsung Electronics

seungw.lee@samsung.com
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