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Triggers and Machine Learning

In LHC, collisions at 40MHz To improve pattern recognition and keep up with

frequency increasing data rates in the trigger, use ML
Triggers are used to filter the data, _ o
reducing the data rate Trigger hardware has limited resources
Strict latency constraints Compress ML models before deployment to HW
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NGT

Collaboration between the
CERNEP, TH and IT
Departments and the ATLAS

WP1: Infrastructure,
Algorithms

and CMS experiments
and Theory )

WP2: Enhancing the
ATLAS Trigger
and Data Acquisition

Use ML to get more physics
information out of the HL-LHC
data

T1.1: Hardware and

services for large scale
NN optimisation and
training, and physics
simulation

T1.3: optimize and compress
ML models for hardware

T1.4: Tensor Networks for
Quantum Systems

PEES A T
T1.5: New computing
strategies for data
modeling and
interpretation

WP3: Rethinking the
CMS Real-Time
Data Processing

WP4: Education
Programmes
and Outreach

T1.3: Hardware-aware Al
optimization

! .

T1.2: Fast inference of
complex network
architectures on LHC
online systems

T1.6: New Physics
scenarios and Standard
Model properties as
trigger benchmarks

T1.7: Common software
developments for
heterogeneous
architectures




his4mi

Used to translate trained ML models to optimized HLS code
L Synthesize into FPGA bit stream — Run on FPGAs

Easy to use, flexibility for customization

Used at CERN, large community of users at FastML

Keras

O PyTorch hls 4 ml

€ ONNX

Co-processing kernel

HLS conversion
Custom firmware
design

tune
configuration




Dense model Structured pruning
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ML model compression

- An umbrella term for multiple
techniques and their subcategories:
- Quantization, pruning, distillation,
low-rank approximation etc.

Unstructured pruning
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- Reduce number of parameters and
bits used per computation

- During training, post-training

- Constraints by hardware
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PQuantuﬁ

A tool to train and optimize compressed
neural networks for hardware

No detailed knowledge of ML
compression methods required

Model wrapping, training and cleanup is
automatic

G PyToreh

config.yam| Model < ' 3

TensorFlow

< S
/ Add
| compression |
~_ layers

|

CompressionLayer

Defined by
Quantization [@fF=—— config.yaml

Pruning

Forward




model = MyModel()

CompreSSion Iayers # The default config of Continuous Sparsification

config = get default config("cs")

- Compression hyperparameters Add pruning and quantization. Layers that will be replaced:
defined by a config file Conv2d -> CompressedLayerConv2d

Convld -> CompressedLayerConvld
Linear -> CompressedLayerLinear
ReLU -> QuantizedRelU

- Compression layers added with a Tanh == QuantizedTant

function call input_shape = (256, 3, 32, 32)

model = add pruning and quantization(model, config, input st

Compression Layer

- Compression layers handle the
pruning and quantization of

weights and biases before the — Giantization
forward pass

Pruning
Layer

Layer
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Training

Different compression methods have
different training steps:

- pretraining: quantize

- training: quantize + prune

- fine-tuning: quantize + prune with fixed

mask
\ 4

- PQuant provides a generic training
function:
- User provides training and validation
functions, the function handles the
various steps of the training

iterative train(
model=model,
config=config,
train func=training function,
valid func=validation function,
**kwargs

Repeat n-rounds

Enable pruning Fix rounded mask

Fine-tuning

Start HGQ loss into place
Pretraining q Training q
Mask learning |
HGQ learning

Quantization




Pruning methods

- Implemented 7 different pruning
mask based methods + an
optimizer based method

- Some methods also have
implementations for N:M pruning
or structured pruning

Repeat n-rounds

Fix rounded mask
into place

Enable pruning
Start HGQ loss

Prevraining  ESSSSS)  Trainng  MSSSSSD  Fineuning

Activation Pruning

AutoSparse

DST

Wanda

MDMM

Continuous Sparsification

PDP




Configs

Use a config file to
define the
hyperparameters of the
compression methods

Easy to use default
configs

pruning parameters:
disable pruning for layers:

|enab1e pruning:ltrue
inal temp: 200
pruning method: cs
threshold decay: 1.0e-09
threshold init: ©
quantization parameters:
default integer bits: 0.
default fractional bits: 7.
enable quantization:] true
hgg gamma: 0.0003
layer specific: [] # Laye
use high granularity quantizatio
use real tanh: false
use symmetric quantization: false
training parameters:
epochs: 85
fine tuning epochs: 85
pretraining epochs: @
pruning first: false
rewind: post-ticket-search
rounds: 3

save weights epoch: 2

. false

Enable/disable pruning or quantization




pruning parameters:

/|disable pruning for layers: |
Disable pruning for certain layers - densel

enable pruning: true
Configs final temp: 200
pruning method: cs
threshold decay: 1.0e-09
threshold init: ©

x Default quantization bits

- H H quantization parameters:
Use_ a conflg file to Idefaultinteger bits: 0.0 I
define the default fractional bits: 7.0
enable quantization: true
hyperpara_meters of the Different quantization l_qs_q_lh amma: ©.0003
compression methods bits for different layers —
convl:
weight:
integer bits: ©
- Easy to use default L fhaciionst tiies S8
configs integer bits: @
fractional bits: 3 #
relul:
integer bits: ©
- Also fine-grained, more -—
"9 ’ Use HGQ ————»{use hioh granularity guantization] fatse
detailed control over use real tanh: false
use symmetric quantization: false
hyperparamaters training parameters:
epochs: 85

fine tuning epochs: 85
pretraining epochs: 0
pruning first: false
rewind: post-ticket-search
rounds: 3

save weights epoch: 2




Layer (type) Output Shape Param #
input layer (InputLayer) | (None, 2, 13, 21) | o |
1
]
] depthwise conv2d (DepthwiseConv2D) (None, 2, 11, 19) | 18
[ I , I
Res u Its [ S mart Ixe Is | conv2d (Conv2D) | (None, 5, 11, 19) i 15
1 1
)| T
activation (Activation) | (None, 5, 11, 19) | 0
1 I
I I
. conv2d 1 (Conv2D) | (None, 5, 11, 19) | 30 |
- Pruned and quantized, ~2200 parameters ;
. . . . . . activation 1 (Activation) (None, 5, 11, 19) | 0
|
- 4 bit convolutions + their activations, 8 bit . _ i
| average pooling2d (AveragePooling2D) | (None, 5, 3, 6) | 0
L] L] L 1 1
1 T
dense + thelr aCtlvatlonS activation 2 (Activation) | (None, 5, 3, 6) | °]
1 I
- ~ 700/0 pruned flatten (Flatten) i (None, 90) I| 0|
1
]
dense (Dense) (None, 16) [ 1,456
3 |
WEIghtS per Iayer activation 3 (Activation) | (None, 16) i 0
1 1
= 1 | T
1400 ~ ol welght_s dense 1 (Dense) | (None, 16) | 272
Il nonzero weights ! }
1200 - activation 4 (Activation) | (None, 16) | 0|
1
]
ol dense 2 (Dense) (None, 14) l| 238
800 -
600
400 -
200 -
0_
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NexTGen

Next Generation Triggers



86.44 (91.93)

IC

torch.geometr
layers are replaced with
nn.Linear, no dropout in
skip connection

Note

51.14% remaining parameters (168,461

Tracking trainer 60k
/ 329,400)

Test accuracy@0.9

Pruned only

t Point Transformer (HEPT)

icien

Weights per layer

ters

J

INiNng parame

LSH-Based Eff
38.71 (40.39)

(137,833 /1 313,979)

43.90% rema
Test/auc

Pileup trainer

Pruned only

Results

out_proj.bias
out_proj.weight
norm5.bias
norm5.weight
L lin5.bias

mt lin5.weight

L norm4.bias

I norm4.weight
L lin4.bias
- in4.weight

I norm3.bias

L norm3.weight
- lin3.bias
lin3.weight

| norm2.bias

I norm2.weight
L lin2.bias
lin2.weight

L norm1.bias
 norm1l.weight
L linl.bias

linl.weight
W.weight
attns.3.w_rpe.bias

attns.3.w_rpe.weight
attns.3.ff.2.bias
attns.3.ff.2.weight
attns.3.ff.0.bias
attns.3.ff.0.weight
attns.3.norm2.bias
attns.3.norm2.weight
attns.3.norml.bias
attns.3.norml.weight
attns.3.attn.out_linear.bias
attns.3.attn.out_linear.weight
attns.3.w_v.weight
attns.3.w_k.weight
attns.3.w_qg.weight
attns.2.w_rpe.bias
attns.2.w_rpe.weight
attns.2.ff.2.bias
attns.2.ff.2.weight
attns.2.ff.0.bias
attns.2.ff.0.weight
attns.2.norm2.bias
attns.2.norm2.weight
attns.2.norml.bias
attns.2.norml.weight
attns.2.attn.out_linear.bias
attns.2.attn.out_linear.weight
attns.2.w_v.weight
attns.2.w_k.weight
attns.2.w_g.weight
attns.1.w_rpe.bias
attns.1.w_rpe.weight
attns.1.ff.2.bias
attns.1.ff.2.weight
attns.1.ff.0.bias
attns.1.ff.0.weight
attns.1l.norm2.bias
attns.1.norm2.weight
attns.1l.norml.bias
attns.1l.norm1l.weight
attns.l.attn.out_linear.bias
attns.l.attn.out_linear.weight
attns.1l.w_v.weight
attns.1.w_k.weight
attns.1.w_g.weight
attns.0.w_rpe.bias
attns.0.w_rpe.weight

| attns.0.ff.2.bias

I attns.0.ff.2.weight

| attns.0.ff.0.bias

I attns.0.ff.0.weight

| attns.0.norm2.bias

| attns.0.norm2.weight

I attns.0.norm1.bias

I attns.0.norm1.weight

| attns.0.attn.out_linear.bias
m attns.0.attn.out_linear.weight

B total weights
I nonzero weights
L] T T T

T T T T T T

attns.0.w_v.weight
attns.0.w_k.weight
attns.0.w_q.weight

I feat_encoder.2.bias

- feat_encoder.2.weight
I feat_encoder.0.bias

+ feat_encoder.0.weight
I pids_enc.weight
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Results

Pruned only
38.51% rema

ters

ining parame

Accuracy 84.71% (86.1%)
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mod.fc.0
mod.cls_blocks.1.fc2
mod.cls_blocks.1.fcl
mod.cls_blocks.1.attn.out_proj
mod.cls_blocks.0.fc2
mod.cls_blocks.0.fcl
mod.cls_blocks.0.attn.out_proj
mod.blocks.7.fc2
mod.blocks.7.fcl
mod.blocks.7.attn.out_proj
mod.blocks.6.fc2
mod.blocks.6.fcl
mod.blocks.6.attn.out_proj
mod.blocks.5.fc2
mod.blocks.5.fcl
mod.blocks.5.attn.out_proj
mod.blocks.4.fc2
mod.blocks.4.fcl
mod.blocks.4.attn.out_proj
mod.blocks.3.fc2
mod.blocks.3.fcl
mod.blocks.3.attn.out_proj
mod.blocks.2.fc2
mod.blocks.2.fcl
mod.blocks.2.attn.out_proj
mod.blocks.1.fc2
mod.blocks.1.fcl
mod.blocks.1.attn.out_proj
mod.blocks.0.fc2
mod.blocks.0.fcl
mod.blocks.0.attn.out_proj
mod.pair_embed.embed.10
mod.pair_embed.embed.7
mod.pair_embed.embed.4
mod.pair_embed.embed.1
mod.embed.embed.7
mod.embed.embed.4
mod.embed.embed.1
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Current and near term work

- Interface with his4ml

- Hyperparameter optimization

- PyTorch backend: integrate the FitCompress algorithm that finds
an optimal configuration of quantization bits and sparsity

- Make first release






https://github.com/nroope/PQuant

