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Dimensions of Innovation



World of Compute Scarcity

"...We are heading into a world of absolute compute 
scarcity...

... where compute is the driver of economic 
productivity..."

Greg Brockman, Co-Founder of OpenAI
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✓ Total Cumulative Spend of ~$3 Trillion Through 2028
✓ ~$2.6 trillion for data centers, including chips and servers
✓ ~$0.3 trillion for power;  >110 gigawatts at $2-3/watt



Dimensions of Innovation

Models  

Accelerators

AI Compilers
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Dimensions of Innovation       Dimensions of Impact

Models  

Accelerators

AI Compilers

Performance
(Latency, 

Throughput)
Accuracy
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CostEnergy



Models

SIZE ARCHITECTURE COMPRESSION
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Growth in Model Sizes

O(10)

O(100)



Growth in Model Training Compute Demands

8*J. Sevilla et al., https://arxiv.org/pdf/2202.05924



Example: Cost of Training Stages of llama-3.3 70B
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Pretraining: 6 months

• 2,000,000 GPU hours
• 6 months training w/ 512 

GPUs
• 1.4 GWh

• 8 Trillion tokens

SFT: 1 – 2 days

• 6000 GPU 
hours

• 24 hours w/ 
256 GPUs

• 4 MWh

• 2.5 million 
samples

• 4 Billion 
tokens

RL: 1 – 2 days

• 3,000 GPU 
hours

• 48 hours w/ 64 
GPUs

• 2 MWh

• 300 total RL 
steps

• 64 prompts per 
step

• 16 generations 
per prompts

*numbers based on H100 GPUs



MHA 
(multi-head-attn.)

GQA

MQA

MLA

Sparse attention Forget 
transformers

Gated Attention

expressivity → efficiency

Mamba

Mamba3

Bamba
(hybrid)

Granite 4
(hybrid+MoE)

Mamba2

DeltaNet Gated DeltaNet
Qwen-next

LLaDa

Dream

Block diffusion

Memory bound

Compute bound

efficiency → expressivity 

accuracy → efficiency

Recursive 
transformers

TRM

HRM

Sliding window

Log-linear

Linear attention

Diffusion LM

DeepSeek NSA

LLM model architectures (non-exhaustive)
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2023-2024

2025

2026+

During generation, 
transformer models perform 
~9 𝑜𝑝𝑠/𝑏𝑦𝑡𝑒
• (e.g., LLaMa3)

With KV-cache compression, 
models perform 36 − 72 𝑜𝑝𝑠/
𝑏𝑦𝑡𝑒 
• Sliding window (GPT OSS, 

LLaMa v4); Multi-head latent 
attention (DeepSeek v3); 
Linear attention (Granite v4, 
Qwen3)

Emerging model 
architectures perform 
100 –  200 𝑜𝑝𝑠/𝑏𝑦𝑡𝑒
• e.g., Diffusion LM 

and inference server 
optimizations (e.g., 
KV cache reuse)*

Today

Implications of Model Evolution on AI Hardware

200 𝑜𝑝𝑠/𝑏𝑦𝑡𝑒 is not challenging for modern accelerators
⇒ Memory bandwidth continues to be the primary bottleneck



Quantization
Inference
• Quantize weights, 

activations, KV caches.
• Techniques evolve with 

models.

Training 
• Quantize weights, 

activations, gradients 
and optimizer states.

• Driven by data-type.

QAT
• Quantization-aware-training
• Training w/ full set of data

PTQ
• Post-training-quantization
• Calibration with ~100s samples

DQ
• Direct-quantization
• Direct casting w/ dynamic, fine-

granularity quantization

INT8

FP4

INT4/2/1

INT8/FP8

INT4 x FP16

INT4/2

INT2 x FP16

FP8 MxFP4/NvFP4

Small models

large models



Granite Family of LLMs
(+Time Series and Vision models)

as of October 2025
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Compute Accelerator
IBM AIU Spyre



IBM AIU Spyre Accelerator

IBM z17 and 
IBM LinuxOne

IBM Power11

IBM Content-Aware 
Storage

AIU Spyre

vLLM, PyTorch 

System software
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✓ 33B encrypted transactions per day
✓ 70% of the world’s transactions
✓ 0.99999999 uptime

IBM Cloud



AIU Spyre 1.0 Design Goals

o 3 × throughput/Watt over GPUs for encoder 
models (e.g., credit fraud detection use case)

o Multi-chip operation for small Gen AI models 
(10b params) using 4-8 AIUs achieves good 
inter-token latency

o Suited for Inference

o ~75𝑊 form factor 

o AIU 1.0 is challenged to run medium (120b) 
and large models (1t)
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AIU Spyre 1.0 Design Goals AIU Spyre 1.5 Design Goals

o 3 × throughput/Watt over GPUs for encoder 
models (e.g., credit fraud detection use case)

o Multi-chip operation for small Gen AI models 
(10b params) using 4-8 AIUs achieves good 
inter-token latency

o Suited for Inference

o ~75𝑊 form factor 

o AIU 1.0 is challenged to run medium (120b) 
and large models (1t)

o 40 × memory bandwidth: 
switch LPDDR to HBM memory

o 3 × increase in TOPs for prefill/fine-tuning: 
support precisions of BF16, MX-FP4

o 2 × increase in bandwidth with PCIe Gen6: 
increase chip-to-chip bandwidth for 
parallel inferencing and tuning

o 2x modules in card

o Preserves the blue-print of compute units 
=> extend and reuse current SW stack

o ~500W drawer design

o AIU 1.5 offers a viable pathway to support 
medium (120b) and large models (1t)
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AI Compiler
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OSS

Proprietary (can be OSS)

Proprietary

DeepTools Backend compiler

DeepTools Frontend Compiler

torch.dynamo 

vLLM CPU
torch.dist 
inference

torch.dist 
tuning

FMS-MO
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Spyre Software Stack Evolution to Opensource
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Spyre Software Stack Evolution to Opensource
OSS

Proprietary (can be OSS)

Proprietary

DeepTools Backend compiler

DeepTools Frontend Compiler

torch.dynamo 

vLLM CPU
torch.dist 
inference
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vLLM Spyre FMS opensource

DeepTools Backend compiler: scheduling 
and code generation

Triton/Helion*

torch.dynamo

llm-d
vLLM 

torch.dist 
inference

torch.dist 
tuning

llm-compressor
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Custom Spyre kernels

torch.inductor

• Improve developer productivity 

• Reduce maintenance burden

• Increase model coverage and other 

functionalities (e.g., prefill/decode disagg.)

• Support both Spyre 1.0 and Spyre 1.5



Inference Platform



Industry Expectation: LLM Inference will be HUGE.

Why inference is the right focus? 

“By 2028, as the market matures, more than 80% of data center workload accelerators  
will be specifically deployed for inference as opposed to training use.”  
Gartner Report

“ It’s unthinkable for any company, anywhere, today to not have a robust 
website and mobile presence, right? It’s becoming similarly unthinkable for AI-
based intelligence to not be baked into every product and service.” 
OpenAI CEO Sam Altman 
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The challenge of scaling inference
Batch, interactive, multi-turn and agentic patterns

A

Multiple small models

(e.g. granite-8b, mistral-7b, …)

Single large model

(lama3-70b, llama4-Maverick…)

Single ultra large (MoE) model

(e.g. DeekSeek R1-V3, Kimi K2, …)

B C…

GPU

A B C

GPU GPU…

D E

Node A

GPU

A (shard 1)

GPU GPU…

Node A

A (shard 2)

GPU

E (shard 1)

GPU GPU…

Node A

E (shard 2)

GPU

E (shard 9)

GPU GPU…

Node B

E (shard 10)

E (shard 8)

E (shard 16)

Netw.
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Technical highlights (examples)

Apply principles of reuse, caching and 
tradeoffs between compute and memory 
resources to genAI artifacts (KV tensors) 
and technologies (vLLM) 

Hierarchical KV cache management Fast model actuation Triton kernels

Build on and extend serverless concepts in 
Kubernetes for LLM serving

Extract maximum performance from the 
underlying hardware for accelerated 
compute

24



llm-d

A Kubernetes-
native high-
performance 
distributed LLM 
inference 
framework

Operationalizability, Flexibility, Performance

KV Cache management

(Prefix Caching)

Inference Scheduler

Disaggregated Serving

Autoscaling

Benchmarking, 
recommender

llm-d Key Features

https://llm-d.ai

1.7K Stars

20 companies from variety of domains

7+ active SIGs

Founding Members

https://llm-d.ai/
https://llm-d.ai/
https://llm-d.ai/
https://llm-d.ai/


IBM is deeply 
entrenched in 
development and 
trajectory of these 
projects with 
substantial 
contributions and 
leadership role.

– Leadership in PyTorch compile 
for inferencing

– Member of PyTorch Foundation 
governing board alongside 
AMD, AWS, Google, Meta, 
Microsoft, Nvidia

– Key contributor to distributed 
training APIs and 
implementation, accelerated 
transformers, data-loader

– Validation of FP8 training at 
large scale 

– Contributed large scale 
stateful dataloader

– Largest enterprise contributor 
to vLLM

– Lead contributor to llm-
compressor - a quantization 
library in vLLM

– Hybrid model enablement - KV 
cache management and 
Mamba2 inference speedups 
by 3-5x

– Triton-only backend with 
demonstrable impact on the 
actual inference

– HF TRL (Transformer 
Reinforcement Library) 
GRPO optimization with 
vLLM co-location - under 
HF umbrella

– Triton attention 
kernel offering 3-4x speed 
upon AMD GPUs

Open AI Triton



Innovating in the open and delivering via Red Hat
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Upstream leadership and contributions to strategic 
open-source communities 

Downstream Red Hat delivery of product 
roadmaps



Application Patterns:
Agentic Systems
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Myth

Agents = 
dark arts

29



- Structured
- Maintainable
- Composable
- Secure
- Safe
- Predictable
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Agentic Workloads Increasing Demands 

Example from System Z

Today: 

Concert, 

CICS, Db2, 

IMS agents

Using Granite 3.3 

8b model up to 

32K context 

length

Larger Models 

powering 

agentic 

workloads 

evolve

Granite3 8b → 

Granite4 30b, 

GPT OSS 20b, 

Mistral 24b

More complex 

agents will 

require longer 

context 

length

Some use cases in 

ServiceNow agent 

require 80K 

context length; 

128K expected

Better UX 

(tighter SLOs) 

with faster AI 

Accelerators

Inter-token 

latency from 

50ms to 20ms

More agents 

onboarded;

workload 

volume 

increase

5 × more agents 

in 2026

Client-

tailored 

custom 

agents using 

tuned models

Fine-tuning of 

models using 

client’s data 

(operational and 

transactional)
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Frontier Models’ Capability is Increasing Drastically

Example from Cybersecurity

*Dawn Song et al.



Thank you!


	Slide 1: Where are we heading with Gen AI? 
	Slide 2: Dimensions of Innovation
	Slide 3: World of Compute Scarcity
	Slide 4: Dimensions of Innovation
	Slide 5: Dimensions of Innovation        Dimensions of Impact
	Slide 6: Models
	Slide 7: Growth in Model Sizes
	Slide 8: Growth in Model Training Compute Demands
	Slide 9: Example: Cost of Training Stages of llama-3.3 70B
	Slide 10
	Slide 11: Implications of Model Evolution on AI Hardware
	Slide 12: Quantization
	Slide 13: Granite Family of LLMs (+Time Series and Vision models)
	Slide 14: Compute Accelerator IBM AIU Spyre
	Slide 15: IBM AIU Spyre Accelerator 
	Slide 16: AIU Spyre 1.0 Design Goals  
	Slide 17: AIU Spyre 1.0 Design Goals  
	Slide 18: AI Compiler
	Slide 19
	Slide 20
	Slide 21: Inference Platform
	Slide 22: Industry Expectation: LLM Inference will be HUGE.
	Slide 23: The challenge of scaling inference
	Slide 24: Technical highlights (examples)  
	Slide 25: llm-d
	Slide 26
	Slide 27: Innovating in the open and delivering via Red Hat
	Slide 28: Application Patterns: Agentic Systems
	Slide 29: Myth Agents =  dark arts
	Slide 30
	Slide 31: Agentic Workloads Increasing Demands  Example from System Z
	Slide 32: Frontier Models’ Capability is Increasing Drastically Example from Cybersecurity
	Slide 33

