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1. Background: The Importance of Prefetching
2. Motivation:
1. Online Learning vs. Offline Learning
2. Why Do LLLMs Work for Prefetching Hinting?
3. Method:
1. LLM as a code semantic learner for classifying memory access patterns.
4. Results

5. Insights for Future CPU micro-architecture design.
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Background

The Importance of Prefetching
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Hardware Prefetchers
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Hardware Prefetcher Ensemble
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Problems of Existing Prefetchers

» EXisting Prefetchers rely on on-chip online learning.

Slow Convergence Limited On-Chip Code Context
Logic Budget Unaware

® Relies on online table-
based heuristic to
converge.

e Of course you cannot run an
LLM at 3.0GHz on-chip. e Code context information

e Table-based heuristics remains unexploited for
require large on-chip- online decisions.
storage.

e Unstable and slow
convergence for complex
patterns.
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Motivation

Can we move the hard decision of
what, when and how to pretetch
from runtime hardware to an offline LLM-based analysis?
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Human Developers Know How to Prefetch

So do LLMs? Accessing the
i < N:- ++i string results In

typedef struct { 3 stream
uint8_t age;
char* name: ' access pattern.
uint32_t country_code;

} Person;

Accessing an Accessing multiple

Person .;
element In an array elements results Iin
nitialize array results in a stride a spatial access
access pattern. attern.
of structures P P
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Main Ideas

Offline Online

* Fine-tune an LLM called  Use a lightweight hardware
PF-LLM to analyze code ensemble that consumes the
context and predict the offline-generated hints to

best prefetching policy for perform runtime decisions.

each load instruction.

 Runtime: hardware stays simple
» Offline: expensive reasoning and low-latency.

IS allowed.

* Achieve near-oracle guidance
e Serves as an oracle for without online trial-and-error.
online decisions.
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Method

Offline LLM to Hint Online Prefetching
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Step 1: PF-LLM Model Training

. Assembly Context
Overview Je 0x40
callg 0x45
o Input: movb SO0, Ox3a(%rip)

movzbl 0Ox3a(3rip) , Seax
xorl %r8d, %r8d

* Assembly context formatted into a prompt leaq 0x6d(srip), %rsi
(128 lines before and after) movq 0x10 ($rsp), Srcx

e Inference on each load instruction.

by
o - Prompt 4<
Output: o

_ _ _ Teain Simulator
* Prefetch policy including: Ingut ‘ Ground Truth |
_ PF Sel: straide
 Prefetcher Selection PF Degree: 4
Filter: stride
* Prefetcher Demand Request Filter
* Prefetch Degree (aggressiveness) PF-LLM
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Step 1: PF-LLM Model Training

Prompt Formatting

Why Bother?

movzbl Ox3adefO(/rip), %eax
xorl 7r8d, %r8d

1 <|im start|>system _

2 You are a helpful assistant ... Generic SyStem Prompt _

3 <|im end|> * | everage pre-trained code-
4 <:| comprehension knowledge in
5 <lim_start|>user foundation models.

6

7

8

leaq 0x6dc8d(%rip), %rsi :
9 <load>movq 0x10(%rsp), %rcx</load> Assembly code as input
10 movl Oxlc(lrsp), hedx

11 movg 0x3abl1d(/rip), %rdi
12 orl $2, Jeax

13 <|im_end|> Input (prefill)
15 <|im_start|>assistant \{ OUtpUt (deCOde)
16 "PF Sel": "stride",

17 PF Degree": 2, <}:| Prefetch Policy as Label
18 "Filter": "stream"

19 \}<|im end|>
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Step 1: PF-LLM Model Training

Dataset Collection and Training

PC PF Type PF Degree AMAT
0x1234 Stride
0x1234 Stride 2 28.3
0x1234 Stream 1 101.0
0x1234 Stream 2
0x1235

103.9 \\
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 For one benchmark in the training set,
run simulations for all permutation of
the prefetch policies.

 Modify ChampSim to record the
AMAT of each PC with each policy.

e Select best policy and worst policy
based on the AMAL.

PF Sel: stride

PF Degree: 1
Filter: stream
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Step 2: PF-LLM Model Inference

Offline Hinting
Inference at compile time.

Biary Inference Disassembler
per load
Instruction

e The Qwen-2.5-Coder-0.5B-Instruct model is
fine-tuned with our dataset.

* At compilation time, run one model inference e
with the same prompt formatting for each Context
load instruction in the binary. ]

 The per load-instruction hints are stored In Sample Row
a tabular file called prefetch hint table for later @PC=0x1234
PF Sel: power?/
uSe. PF Degree: 2

Filter: stream
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e Start with Prefetcher
Ensemble Hardware

Step 3: Use LMHint Prefetcher at Runtime
Simple hardware but with educated HINTSs.

e Use a TLB-like Prefetch Hint
Buffer to load hints.

LID

Routed

Prefetcher

L2

—>

I3
® Route and Filter Prefetchers
based on HINTs

Demand

Request
W

Stride
Prefetcher \
Filtering
THE HONG KONG
UNIVERSITY OF SCIENCE
AND TECHNOLOGY

#

SMS

Entropy Xu@
30y

Prefetcher

Stream
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Hint Table

P 4

No Prefetch
Prefetch

Prefetcher
Degree

Selection

TLB-Like Loading Mechanism




Results

State-of-the-art IPC, Negligible On-chip Overhead
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PF-LLM Training Resuits
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Benchmark on SPEC 2017

(a) LMHinted Prefetcher vs. Existing Hardware Prefetchers
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(b) Different configurations of LMHinted Prefetchers vs. Existing Prefetcher Ensemble Methods
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Benchmark on SPEC 2017
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® +18.9% IPC over prior ensemble methods
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Overhead Analysis of PF-LLM

Small 0.5B model: Z 300
Q
n O
~3k-token short context length; A 500 - = 173.6 g
' QO
high-concurrency. g . JH’“ |« Nvidia 120 %
S 1x Nvidia H20 -
53
~ 0 | | | | | |
0 10 20 30 2000 2500 3000 3500 4000
With vLLM Servmg, Throughput IS . (a) Concurrency (b) Context Length
- 10 [®) -
acceptable. = X
QE) Q—@Cﬁclﬁél\%:g
- o_.gmasﬁ?" ¢
Y 1 o _5 B
5 o _b?m@s’s N
. : © - -
Hinting speed on 8xH20 system is E g¥¥ntycts 000000000
on-par with a 16-core compilation 100KB IMB 10MB 100MB
system. (c) Binary Executable Size

@ THE HONG KONG Entropy Xu@
llm UNIVERSITY OF SCIENCE srn JC STEM Lab of Future Advanced

AND TECHNOLOGY ’ Computing Technologies



Insights

Offload hard online decision problems to offline LLM-generated Hints
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Benefits of PF-LLM

Good Performance

® +9.8% IPC, roughly a full
generation’s worth of
single-core IPC
Improvement.

Offline intelligence for code-aware policy + simple runtime hardware for fast execution
Offline Oracle

e Offline LLM instantly
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decides “when, how & how

aggressively” to prefetch
cost

® Eliminates slow online
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Works Anywhere

learning and runtime training
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® The code context
Information remains un-
@

exploited for online
decisions.
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LLM Hinted CPU micro-Architecture

Offline intelligence for code-aware policy + simple runtime hardware for fast execution.

 Prefetcher is just one of the Prefetching ﬁ) Multi-Core D D

important micro-architectural

decisions.

 Using LLMs to gather offline _
code-context knowledge, apply Pipeline Cache
to online on-chip policies. Scheduling g ') Policy

 Jowards a new paradigm of

LLM-hinted CPU design.
J Branch

Prediction

Value O
Prediction

g e
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Thank you!
Questions?

Entropy Xu@
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