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Execution profile of FALCON-7B (LLM on PyTorch)
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Two regimes of LLM execution

Processing a token in an LLM with P parameters

| consumes ~2P flops
* During the input processing phase, those flops are
performed by GEMM operations
o * During the output generation phase, the same
= number of flops are performed by GEMV operations
g * The processing rate (tokens/second) is much higher
5 . during the input processing phase
= Input processing
& | (GEMM dominated)
Output generation
(GEMV dominated)
Time
Query submitted First token out Last token out
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Diagram of FALCON-7B LLM (Hugging Face)

* A tokenis a 4544-element vector

« m = N for first pass, increments by 1 each pass

* n = N for the first pass, 1 for additional passes

N tokens

from

previous
block
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The architect’s dream (GEMM)

DGEMM throughputvs # of cores (POWER10 chip + 8 OMI) * GEMM computes
2,500,000 C « C(A[T]B[T] + ﬁC

e |f all matrixes are N X N, the
000,000 computational intensity is
_ #flops  2N°*+2N? N
= #load/store ~ 4N?2 2
e Almost “unlimited” scalability for

large problems

1,500,000

1,000,000 * Proliferation of matrix units:
* IBM POWER10/POWER11
* Intel Sapphire Rapids, ...
* NVIDIA GPUs
* AMD GPUs
. * Dedicated Al chips
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DGEMM throughput (Mflops)
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The architect’s nightmare (GEMV)

DGEMV throughput (Mflops)

DGEMYV throughputvs # of cores (POWER10chip + 8 OMI)
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35

GEMV computes
y « aAlTlx + By

If the matrixis N X N, the

computational intensity is
#flops ~ 2N?+ 2N

= ~2
#load/store N2 + 2N

Scalability quickly constrained by
memory bandwidth

T’:

No significant progress since the
Cray-1, because there is none to be
had!



Increasing the size of the input

* Prompt engineering is the general name for techniques that transform a user-generated LLM
prompt (typically short) to a different prompt (typically much longer) which is then submitted to
the original LLM

* A popular example of prompt engineering technique is Retrieval-Augmented Generation (RAG) —
the original prompted is augmented with supporting information retrieved from a database

* Example:
1. Initial Query (before augmentation): “What are the main features of transformers in NLP?”

2. Document Retrieval:

* Snippet 1: “Transformers in NLP use a self-attention mechanism that allows the model to weigh the importance
of different words in a sentence, regardless of their distance from each other.”

* Snippet 2: “A key feature of transformers is their ability to process input in parallel rather than sequentially,
which leads to faster training times.”

* Snippet 3: “The transformer architecture has revolutionized NLP tasks like machine translation, text generation,
and question answering, surpassing older models like RNNs and LSTMs.”

3. Final Query Submitted to the LLM: “Using the self-attention mechanism, transformers in NLP models
can weigh the importance of words in a sentence, regardless of distance, allowing for parallel
processing of input. This architecture is faster to train and has revolutionized tasks like machine
translation and text generation. Can you summarize the main features of transformers in NLP?”
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Processing batches of B queries (N; tokens/query)

* A tokenis a 4544-element vector

* m; = N; for first pass, increments by 1 each pass

« n = BN for the first pass, B for additional passes ¢ n; = N; for first pass, 1 for additional passes

N . . n n . . | nx4544 .
BN tokens » Block 1 » Block 2 > » Block 31 » Block 32 " 4544 % 65024 » B tokens
B tokens
Block Bx71x |
| nx4544 . n; X 64 | nx4544
"| 4544 x 4672 " Stuff 64 x m; | 4544 x 4544
m; X 64]
from
previous »  Stuff
block
) 4
| nx4544 . GELU | nx18176 VAR NN A to next
4544 x 18176 18176 x 4544 N N block
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When to batch?

* Yes, batching transforms matrix-vector multiplication into matrix-matrix multiplication
* And it transforms matrix-matrix multiplication into larger matrix-matrix multiplication
* Itis commonly used in benchmarking of LLMs

* Very relevant (even essential) to training — DeepSeek V3 uses batches of up to 15360

* The Intel Gaudi 3 presentation at HotChips 2024 mentions inference batch sizes of several
hundreds (https://www.servethehome.com/intel-gaudi-3-for-ai-training-and-inference/)

* Personally, | don’t quite understand how practical it is for inferencing in most cases ...
* It does not make any one query go faster

* It makes them more efficient and increases the throughput of the LLM, which reduces its cost — very
important for large providers to offer a cost-effective solution

* To batch, we must first collect various queries, which means most of them will wait ...
* Furthermore, different queries will have different input/output lengths, so the batching will degrade

* Continuous batching is becoming popular to manage batching

* |s there some concept of smart batching, which groups similar content queries together and
ideally uses the same retrieval augmentation for all of them?
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Mixture of experts pulls it away from bigger GEMM

Output Hidden

Input Hidden |OO|
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* From the paper “DeepSeekMoE:

Towards Ultimate Expert Specialization
in Mixture-of-Experts Language
Models”, by Dai et al.
(https://arxiv.org/abs/2401.06066)

Different tokens go through different
subsets of the weight matrices,
controlled by the “Router” in each
layer — makes more difficult for each
weight matrix to “receive” a group of
tokens

Not as bad as it looks because of
affinity between tokens in a query, but
it still move towards smaller GEMMs
and requires dynamic packing
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https://arxiv.org/abs/2401.06066

Scalar computing (1 operation/element)

Register File
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Vector computing (n operations/n elements)

Register File

= = = = _
w N — o
{. . . .} H2134

Tuesday, December 09, 2025 NHR PerfLab Seminar



Matrix computing (n? operations/n elements)

« BLAS-2 rank-1 update (GER): A <« x Q@ y + A
One-dimensional input vectors from main register file
Two-dimensional accumulator resides local to unit

* Reduced-precision data types,

Register File FETCH
w5 Y1 Y2 V3

perform multiple updates: 4 « Y X! QY; + A

lFETCH

Rank-k update can be exploited by a

variety of computation kernels
* BLAS-3 and BLAS-2

* Sparse matrix-operations
(SpMM, Cholesky factorization)

* Direct convolution

* Discrete-Fourier Transform

E
dz1 %Y az3
a * Stencil computation
s 1 32 33 - 000000 |
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Matrix processing is inherently more power efficient

Total power

Dynamic
power

Data
movement

Logic
transitions
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Matrix-multiply with outer products

MXN |« (12

M X K

[Nt
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* We want to compute
A=XXY

* Textbook definition

Al = Z Xg-y]
kekK

* This can be rewritten as

A= X ®Y,
kEK
where

X% isthe k-th column of X,
Y is the k-th row of Y
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DGEMM and LINPACK performance in POWER10

DGEMM performance on POWER processors (single-thread) LINPACK performance for a POWER10 single-chip module
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* Linpack is the classical benchmark for dense matrix computations

* Give matrix A and vector b, solve Ax = b for vector x  [APACKE-qoetrEtamack-coniok: |

* Linpack on a POWER10 single-chip approaches 3 Teraflops, or 85% of peak

, N, A, 1d, piv);
N', n, 1, A, 1d, piv, x, n);
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Four types of matrix units (not exhaustive)

Integral to the core Attached functional unit

L1l L1/L2/L3/MEM L1D L1l L2/L3/MEM

I I I

E E E E Register file Register file % % g § Matrix register file

| I I | I I

LSU VSU MU LSU VSuU MU

Coprocessor External

________________________________

Core Accelerator E CPU GPU/TPU
CXL
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Teememeoeeee- 1 """"""" g DDR5 HBM3
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Matrix processing in RISC-V ISA (in development)
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IME — sources and accumulators
are conventional vector registers
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VME — sources are conventional
vector registers, accumulators
are new registers
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AME — source tiles and accumulator

tiles are all new registers
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Scalar, vector, matrix: a happy family

* Who recognizes these two?

1 2

H

Hydrogen Helium
3 4 5 8 9 10
Li Be B N O F Ne
Lithium Beryllium Boron litrogen Oxygen Fluorine Neon
n 12 13 16 7 L]
Na Mg Al P S Gl Ar
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Potassium  Calcium  Scandium Titanium  Vanadium  Chromium  Manganese Iron Cobalt Nickel Copper Zinc Gallium  Germanium  Arsenic  Selenium  Bromine Krypton
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RHIESE Y Zr Nb Mo Tc Ru Rh Pd Ag Cd In Sn Sb Te | Xe
Rubidium  Strontium Yitrium Zirconium Niobium  Molybdenu.. Technetium Ruthenium  Rhodium Palladium Silver Cadmium Indium Tin Anatimony Tellurium lodine Xenon
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Caesium Barium Lanthanum Hafnium Tantalum Tungsten Rhenium Osmium Iridium Platinum Gold Mercury Thallium Lead Bismuth Polonium Astatine Radon
87 88 89 104 105 106 107 108 109 10 m 12 13 14 1s 16 m7 1ns
Fr Ra Ac Rf Db Sg Bh Hs Mt Ds Rg Cn Nh FI Mc Lv Ts Og
Francium  Radium  Actinium Rutherford.  Dubmium  Sesborgium  Bohrium  Massium  Meitnerium Darmstadti.. Roentgeni_ Copernicium Nihonium  Flerovium Moscovium Livermorium Tennessine Oganesson
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Scalar, vector, matrix: a happy family

Who recognizes these two?

The Cray-1 (Silicon-based) and
Seymour Cray (Carbon-based)

The very definition of “supercomputer” in 1975
* 80 MHz
* 160 Mflops (DP)
* 8 MiB main memory
* 64-element vectors

The Cray-1 was the most successful supercomputer
of its time, and not because it was the fastest vector
processor (it wasn’t), but because

* It was the fastest scalar processor

* It was much more efficient on short vectors

* It was competitive for very long vectors

Tuesday, December 09, 2025 NHR PerfLab Seminar
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Matrix units will complement scalar and vector units

# of bits produced per cycle

POWER10 throughput in different modes of computation Sapphire Rapids throughput in different modes of computation
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Mode of computation Mode of computation

You need some differentiation to make the loss of generality worth it
You also need to continue to support high-performance for scalar and vector processing

| suspect a 4 X increase from scalar to vector and from vector to matrix may be the right balance
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Keep small matrices in mind

* If you need to pad with zeros to match

Number of operations for multiplying two NxN matrices the SiZG Of your matrix unit, YOU Ccan
4608 quickly lose any performance gains
4096 i * For example:

e 5X5vs8X8GEMM :24% of operations
* 9X9vs16 X 16 GEMM: 18% of operations

3584

3072

* Finer grain matrix units can really help
with small matrix computations —
particularly important for sparse

N
ul
[e)]
o

# of madds

2048

1728 matrices, where finding small blocks is
1536 much easier than finding big blocks
1024 * Beware of load/store or packing, which
can quickly become a bottleneck
= n
0 — -

Matrix size (N)
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Conclusions

* The vast majority (95+%) of computations in LLM processing consist of matrix math — either
GEMM (matrix-matrix multiplication) or GEMV (matrix-vector multiplication)

* The breakdown between GEMM and GEMV depends on the scenario
* Long inputs and short outputs (e.g., summarization) favor GEMM
* Short inputs and long outputs (e.g., chat bots) favor GEMV

* GEMM is the computer architect’s best friend — New chips with matrix units can achieve
Teraflops/Petaflops of performance in GEMM

» After 50 years of pursuing performance through vector processing, we are ready to move to the
next level — matrix processing through dedicated units

* Matrix processing will not replace vector processing, just like vector processing did not replace
scalar processing — CPUs will have to be deliver performance on all three

* | am looking forward to more sparsity support in matrix units (some already there)

* Maybe we will see operations beyond the arithmetic semiring (see GraphBLAS)
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