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Why specialize?
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The accelerator spectrum
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The generality tax: Every transistor spent on a branch prediction is a transistor 

that could have been a multiplier.  



CPU vs. GPU: The silicon area tradeoff
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CPU vs. GPU: The silicon area tradeoff
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CPU: ~5% compute

Intel i7 core die* 

*: https://pcper.com/2008/08/inside-the-nehalem-intels-new-core-i7-microarchitecture/

*: https://developer.nvidia.com/blog/nvidia-turing-architecture-in-depth/ 

GPU: ~80% compute

NVIDIA Turing* 

https://pcper.com/2008/08/inside-the-nehalem-intels-new-core-i7-microarchitecture/
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GPU architecture evolution 
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GPU specs: Four generations
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The efficiency wall: Raw TFLOPS grew 236x (P100 → B200), but TFLOPS/Watt grew 

only 70x. The gap is what cooling and power infrastructure must absorb. 



Amdahl’s law: The accelerator ceiling
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Speedup =
1

1 − 𝑝 +
𝑝
𝑆

𝑝 Parallel fraction (matrix math) 

𝑆 Accelerator speedup (100—1000×)

1 − 𝑝 Serial fraction (data loading, Python, etc.) 

Pitfall: If data loading is 10% (𝑝 = 0.9), even 𝑆 = ∞ yields only 10× 

total speedup. 

Key: ResNet scales better – more 

time in parallelizable matrix math. 



Predict: Where is the bottleneck?

Q: A transformer model runs on an H100 GPU. 
MatMul layers hit 280 TFLOPS. Softmax layers 
hit 6 TFLOPS. 

Why does the same GPU give such different 
throughput for operations in the same model? 
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The central surprise of modern computing
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The memory wall:

• In the time to fetch one value from DRAM, an 
accelerator performs 1,000× operations

• DRAM access costs 20,000× more energy than an 
INT8 add

• This is not engineering – it’s physics

    q             v   “                     ?” b   “                    

                               ?” 



Compute primitives
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The MAC: NNs’ dominant operation
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Three compute primitives dominate all 

accelerators: 

Key: MACs are 95%+ of execution time. 

Dense layer (256→512)

for n in batch:

  for m in output:

    sum = bias[m]

    for k in input:

      sum += x[n,k]*w[k,m]

32 × 512 × 256 = 4.2M MACs



Tensor Cores: GPU’s matrix engine
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NVIDIA Tensor Core (since Volta, 2017):

• V100: 640 Tensor Cores → 125 TF (FP16)
• Each core: 4 × 4 × 4 matrix MAC per clock

• A100: 432 Tensor Cores → 312 TF (FP16)
• Each core: 256 matrix MAC per clock

• H100: 528 Tensor Cores → 989 TF (FP16)
• Each core: 512 matrix MAC per clock

Peak utilization requires: FP16/BF16 inputs, dimensions 
aligned to 8/16, sufficient batch size. 

1,000× growth in one decade (K20X → H100) – specialization, not 

clock speed. 



Google TPUs

• In 2013, Google engineers 
projected if every user spoke to 
their Android phone for just 3 min 
per day using voice search, 
Google would need to double its 
datacenter compute capacity

• Over 90% of inference cycles 
were spent on matrix 
multiplications in NNs

• GPUs are powerful but cost 
prohibitive

• General-purpose SIMT processors 
carried the generality tax

Y. Cheng UVA CS6501 AISys Fall '26 15

TPU printed circuit board. It can be 

inserted into the slot for a SATA disk 

in a server. 



Systolic arrays: Data reuse at scale
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Data reuse:   Uv ’  256 × 256 array = 65,536 MACs. Each weight loaded 

once, used 256 times



The memory wall
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The memory wall 
(Wulf & McKee, UVA, 1994)
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Processor speed improves much faster than DRAM speed.

Performance becomes memory-bounded.

* Hitting the memory wall: Implications of the obvious. Wm Wulf and Sally McKee. CS UVA tech report (1994)

https://doi.org/10.18130/V3FZ1C 

https://doi.org/10.18130/V3FZ1C


The cost of data movement
(Horowitz, 2014)
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Moving data costs 20,000× more energy than computing it.

INT8 Add                DRAM Read

*        ’            b                 z   SS         

This is physics, not engineering. 

0.03 pJ 640 pJ



The Horowitz numbers: Energy per op
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Horowitz, ISSCC 2014 (45 nm reference): Dense layer energy split (INT8):

1M MACs × 3.7pJ = 3.7𝜇J

1M DRAM reads × 640 pJ / 8 = 80 𝜇J

Data movement: 95.6%

Compute: 4.4%

Implication: Reducing data

movement by 2× saves more energy

than making ALUs 20× faster.



Token latency: The physics
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The processor spends more than 99% of this idealized token step waiting for 

data. Even a hypothetical chip with infinite compute would generate tokens only 

negligibly faster. Memory bandwidth is the binding constraint.  



Question: Memory-bound or 
compute-bound?

A team trains a 175B model at batch size 2,048. 
Another team serves the same model at batch size 
1. 

Which workload benefits more from buying a faster 
GPU (more TFLOPS)? 
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Roofline
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The Roofline model
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Achievable FLOPS = min(Rpeak, BW × I)
where I = FLOP/byte (arithmetic intensity)

* Roofline: An Insightful Visual Performance Model for Floating-Point Programs and Multicore Architectures. 

Samuel Webb Williams, Andrew Waterman, David A. Patterson. EECS UC Berkeley tech report (2008)

https://www2.eecs.berkeley.edu/Pubs/TechRpts/2008/Archive/EECS-2008-134.pdf  

https://www2.eecs.berkeley.edu/Pubs/TechRpts/2008/Archive/EECS-2008-134.pdf
https://www2.eecs.berkeley.edu/Pubs/TechRpts/2008/Archive/EECS-2008-134.pdf
https://www2.eecs.berkeley.edu/Pubs/TechRpts/2008/Archive/EECS-2008-134.pdf
https://www2.eecs.berkeley.edu/Pubs/TechRpts/2008/Archive/EECS-2008-134.pdf
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Roofline: H100 landscape
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Diagnostic power: The Roofline tells you which resource to optimize before you 

spend money. 



Roofline: EC2 t3.large
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Roofline: Workload placement
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Below ridge: Buy bandwidth

Faster GPU is wasted money

Above ridge: Buy compute

Faster HBM is wasted money



Roofline: Workload placement
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Below ridge: Buy bandwidth

Faster GPU is wasted money

Above ridge: Buy compute

Faster HBM is wasted money

Improve data locality or 

effective bandwidth

Improve compute throughput 

or utilization



Your turn: Roofline diagnosis

Diagnose the bottleneck

A 7B model (14 GB FP16 weights) served at 
batch size 1 on an H100

• Rpeak = 1,979 TFLOPS

• BW = 3.35 TB/s

• Ridge point = ~591 FLOP/byte

Calculate the arithmetic intensity and determine 
the regime
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Jalapeño: LLM inference

OpenAI’s custom accelerator for LLM inference
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* J     ñ ’                               https://openai.com/index/jalapeno-first-results/ 

https://openai.com/index/jalapeno-first-results/
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* Hot Chips 2026. Jalapeño slide #24. 
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* Hot Chips 2026. Jalapeño. 



Y. Cheng UVA CS6501 AISys Fall '26 33
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Jalapeño: LLM inference

OpenAI’s custom accelerator for LLM inference
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Prefill Decode (small batch)

Many input tokens at once Once new token per sequence

More weight reuse Less weight reuse

Higher arithmetic intensity Lower arithmetic intensity 

One model, different resource need
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* Hot Chips 2026. Jalapeño slide #25. 
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* Hot Chips 2026. Jalapeño slide #32. 
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