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https://www.servethehome.com/why-servers-are-using-so-much-power-tdp-growth-over-time-supermicro-vertiv-intel-amd-nvidia

TDP of server AI Chips is growing Fast
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https://wccftech.com/ai-servers-can-reach-rack-density-of-1000-kw-likely-with-nvidias-next-gen-rubin-ultra-architecture/?utm_source=chatgpt.com

The MW AI Rack (in 2029)
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• GPU Density: larger 
#MAC/Area  at high avg. 
utilization → more power, 
heat than CPUs

• Continuous Workloads: AI 
training and inference → 
sustained high-power

• Chip Proximity: To achieve 
maximum performance and 
low latency → components 
are packed closer together
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Outline

• Boosting efficiency for AI workloads

  

• Managing idleness and temperatue in heterogeneity in accelerated systems

 

• Using AI for managing AI 

• Conclusions, future perspectives



Reuther25 https://arxiv.org/abs/2510.20931v1

Booster 1: Domain-Specific Architecture 
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Flexible Domain-Specific Architecture (DSA)  
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A notable Example: Google’s Ironwood 
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Specialization in Perspective: Amdahl’s Law 

ISA-based 10-20x →1pJ (4bit)

Tightly coupled 10-20x → 100fJ (4bit)

Decoupled 100x →1fJ (ternary)

Energy-Efficient RV Core → 20pJ (8bit)

Using 22FDX tech, NT@0.6V, High utilization, minimal IO & overhead 
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Efficiency vs. utilization Tradeoff → PM to manage idleness 
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Booster 2: Ultra-high density, 2.5→3D, WS integration
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AMD –  Instinct MI455x Hot Chips 2026

3D for Scale-out: Already in Products!



Looking forward: more (3D) Heterogeneity + higher stacks 

D-MATRIX – Hot Chips 2025
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Efficiency vs. Density Tradeoff → PM to manage Temperature 
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Outline

• Boosting efficiency for AI workloads

  

• Managing idleness and temperatue in heterogeneity in accelerated systems

 

• Using AI for managing AI 

• Conclusions, future perspectives



Ultra-fine grained (digital) sensing (Temp) 

INTEL ISSCC25 8.8

Micro-scale Sensors placed in a fine-grained array improve resolution and enable better thermal decisions
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Gatech ISSCC25 8.3

Fine-grained Regulation (Vdd) 
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IBM ISSCC25 8.1

MIMO Control: IBM Telum2 (Z-systems) 

• Multiple interacting control loops
• Performance loop  

• Voltage droop loop

• Recoverable error loop (exploiting RAS feature – incl. robust core recovery)
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Power Management: Massive Multi-objective MIMO Control
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Control-PULP-let: A RT Accelerated PM Engine

• CV32RT: fast interrupt handling in RISC-V

• D2D (die-to-die) connection for chiplet-based power control

• Scatter-gather DMA for N-dimensional periodic sensor reading + 64x mailboxes for fast 
message exchange (e.g., SCMI)

• Programmable PM policy Accelerator (PMCA) 
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Programmable accelerator (cluster) advantage for real-time scenarios

Why Programmable PM Accelerarator?



• ML calibration model leverages 
silicon data to refine the MCA

• Scope-measured current I as
golden to train the coefficients of 
ΔRO (RO) from the I-sensor (P-
sensors)

• Multi-scenarios, including generic
benchmarks like Geekbenchv6, 
Antutu, and SpecInt2k6 etc.

• Good tolerances against voltage
and temperature fluctuations

• Statistical ML used to eelect the 
most relevant RO terms (i.e., P-
sensors) to simplify the coefficient
terms of the model

• Device-specific fine tuning also
possible

Current sensing using Count-to-Ampere Models (MCA) 
based on Ring-oscillator sensors

ML Based learning for Non-linear Sensors

Mediatek ISSCC25 8.1
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Control law can be learned (e.g. RL) offline and fine-tuned online

Advanced AI-based Policies

www.sciencedirect.com/science/article/abs/pii/S2210537924000222
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Summing Up & Future Perspectives

• PM is more critical than ever for AI hardware 
• Thermal bottleneck 

• Power delivery bottleneck

• Impacts the AI bottom line (cost per token) 

• Key requirements for PM in AI hardware

• Massive MIMO control (fine-grained & scaled-up)

• Heterogeneous (processors, accelerators, PIM, PIN…)

• Multi-die (2.5D → 3.5D)

• Real-time, (multi-die) scalable and programmable PM needed (open platform is advisable)

• AI for power managing AI is a major trend
• Learn complex non-linear functions for sensing and actuation

• Learn optimal policies (e.g. RL)

• Online learning for fine-tuning device-specific calibration 
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• Research on open-source energy-efficient computing 
architectures

• Started in 2013, we are celebrating 10 years of our project this year

• Led by Luca Benini

• Involves ETH Zürich (Switzerland) and University of Bologna (Italy)

• Large group of almost 100 people
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Thank You!
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