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Activities in Next Generation Triggers and T1.2
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Background and Motivation

Trigger systems are mechanisms that quickly decide which collision events to filter for further analysis
b M has the potential to improve current algorithms

The HL-LHC is expected to produce significantly higher collision rates.

Challenges with High-Luminosity LHC:
« Handling the increased data

« Need for speed and precision: Efficient, high-speed ML processing is crucial to identify
rare physics events without losing valuable data.

What's needed? == new Infrastructure, Algorithms and Theory.
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Fast Inference of Complex Network Architectures

T1.2 Goal: Develop hardware-efficient neural networks and tools for FPGA
deployment, while promoting collaborative efforts.

Next-Gen Inference Engine Community Impact
Develop a hardware-aware inference engine Ensure the work benefits the experiment-specific
work packages (i.e., WP2 and WP3), but also the

and an advanced code-generation core. =/
‘ FastML/hIs4ml communities.

Utilize and expand hlséml: source-to-source
compiler creating HW-optimal HLS designs for
FPGAs(docs | git)
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https://fastmachinelearning.org/hls4ml/
https://github.com/fastmachinelearning/hls4ml
https://nextgentriggers.web.cern.ch/wp2/
https://nextgentriggers.web.cern.ch/wp3/

T1.2 Deliverables and Timelines

Internal milestones are flexible,

Time Description Deliverable/Milestone
6m Demonstrator of Knowledge Distillation Integration in his4ml on multiple backends
workflow to real-life LHC use cases
12m - Deployment of transformers on FPGAs - Integration in hils4ml on multiple backends
- Demonstrator of Knowledge Distillation - Journal publication on Knowledge Distillation on
workflow to real-life LHC use cases Transformer use case
18 m Support for generic Graph Neural - Improved code-generation infrastructure to support
Networks general graphs on multiple hisdml backends
- Journal publication on Graph NN fast inference
2dm - Support for generic Transformer network | - Journal publication describing novel his4ml
- Mid-point hls4ml release functionalities and example applications
- Tutorial describing new hls4ml functionalities
36m ASIC-oriented development and support - Prototype on specific Al hardware (to be identified)
for novel Al-specific hardware - Journal publication
- Hosting the FastML workshop at CERN
48 m Extended integration of common - Demonstrator on specific Al hardware (to be
operators for Al engine identified)
- Journal publication
60m - Multi-FPGA support, for inference and - Tutorial describing new hisdml functionalities

optionally for training
- Final his4ml release

- Final his4ml release
- Journal publication

Commitment to the
yearly workshops and
software releases.

Roadmaps for specific features

guided by community feedback.

are created based on this input.

M1.1.2  MLonFPGA community workshop

N

M2.1.2  hils4dmlsoftwarerelease 1

Next Generation Triggers
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M4.1.2  hiséml & NNLO software release 2
M5.1.2  his4ml & NNLO software release 3
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event/report
software
software

software




Key feedback from the community

« Stronginterest forintegration of Xilinx Al engines

* Interestin GNNs, DeepSets, SNNs, and more “exotic” architectures
» Mixture of low latencies and accelerator card designs

« Easysetup for hyperparameter optimizations(related to T1.3)

* hils4ml build server

« Enhanced reconfigurability (weights, architecture)

 Modelregistry
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Real-Time Processing with FPGAs

Kintex
TG ‘ MiniPODs ‘ Ultrascale
: a FPGA

Why Use FPGAs at LHC: s aaiss =,
« They can achieve ultra-low latency in deterministic time. ' ' - &

» They have customizable architecture, allowing ML-specific
configurations.

Optical &
Fibers |
Connector PCle
Connector

FPGA used in the ATLAS Detector [link]
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https://ieeexplore.ieee.org/document/9060037

Programming FPGAs with High Level Synthesis

Traditional FPGA Programming

. . A[MAX SIZE*MAX SIZE],
 Usedlanguages like VHDL and Verilog D [MAX SIZE],

c[MAX_SIZE]){
* Required in-depth knowledge of digital design principles e T e eralt

axl
HLS INTERFACE s axil
HLS INTERFACE s axil

rt=A bundle=data

b bundle=data

1te po
1te port
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¢ bundle=data

 Time-consuming design/verification process
= 0; 1 < ELEM; ++1){

Transition to High-Level Synthesis (HLS):

.S PIPELINE II=1

« HW abstraction via a high-level language (C/C++) ol L
L Use directives to guide the compiler to optimize the HW design

« HLStoolsautomatically generate RTL code from higher-level code.

« Significantly reduces development time and complexity. HLS example function
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Designing ML models for FPGASs

Convert a trained ML model into a C++ representation for use in HLS workflow

I:Cnnstraints |

- trained ML

( model in C++
‘ Al framework }7
O PyTorch

1F TensorFlow

Implementation

‘Synthesis | ’)_’l
. tool

Packaged IP

| Directives | |:Testbench:|

Using HLS to design ML models for FPGAs remains cumbersome and time-consuming:
1. HLSfirmware designrequires expertise
2. Achieving optimal performance is hard: a lot of parameters and strategies to consider

5. Debugging and verification are challenging due to the long synthesis times, even for small ML models
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Utilizing hls4ml for fast FPGA inference

hls4ml: source-to-source compiler that creates HW-optimal HLS designs for FPGAs (docs | git)

Automatic translation of trained ML models to optimized HLS code.

L= Currently supporting common ML architectures - MLP, CNN, RNN

* Ease of use through automation while providing flexibility for customization.

» Mainfocusof T1.2 throughout the b-year project
= Widely explored at CERN for online processing (HW triggers)
= Enablesrapid deployment and acceleration of ML models with ultra-low latency

= [ arge community of users @ FastML
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https://fastmachinelearning.org/hls4ml/
https://github.com/fastmachinelearning/hls4ml

Initial focus: Reducing hardware synthesis time

Problem: The synthesis of complex ML models as a whole using his4ml can be lengthy(often >24h)

hls4ml synthesis v
(Vitis synthesis) ; [P block
/ A}A’—i- —r@ _“‘j:—».—».—‘—» '

Solution: Partition the model graph in his4ml into smaller, independent subgraphs.

L= allows each subgraph to be synthesized individually in parallel.
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Split Parallel  Stitch
graph  synthesis IP blocks

Splitting the Al model graph for parallel synthesis Eﬂm )

Workflow: Input Layer
I N Graph 1 —> ’] - T

Select layers as splitting points
— currently chosen by the user
— future plans for being automated by hls4ml Graph 2—> ‘?_> |-

« Parallel synthesis

— Independently & concurrently synthesize each subgraph Graph 3> ’?_> o

— Export each subgraph asanindependent IP block.

* |Pblock stitching

Stitched IP

— automatic merging in Vivado to create the final IP

Graph 4 —> "f—) —
N
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Results
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* Support for partitioned and streaming IP interfaces
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Conclusion on graph partitioning

Benefits at a glance:

Time efficiency: Significantly reduces synthesis and build times.

Scalability: Enables efficient handling of larger models by partitioning.

Flexibility: Simplifies debugging of subgraphs without requiring full model resynthesis.
Latency reduction: Potential improvements observed in some models during synthesis.

Al framework-agnostic: the partitioning is handled internally by his4ml.
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T1.2 future plans

Short term:

- Refine the graph splitting and IP stitching processes
==) A\dd support forlarger and more complex models(i.e., models with skip connections)
==) Add support for simulation of the stitched IP

==) Offer a seamless workflow for the user

Possible extension of graph
partitioning with Al engines

hls4ml

Medium term:

- Investigate interesting ML model architectures
Offload to
Split  FPGAor Parallel Stitch

; : : graph Al engine synthesis IP blocks
« Exploration of Al engines based on community feedback iiiii:

== compact transformers, graph NNs, etc.

(- '
Long term: subgraph N —» éi — _’A} -

- Develop an advanced code generation core

. Explore Tree Tensor Networks(in collaboration with T1.4)
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Thank you!
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