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WHAT AREWE OPTIMIZING??
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TRACKING WORKFLOW
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TRACKING WORKFLOW

Configured using
several parameters
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TRACKING WORKFLOW
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TRACKING WORKFLOW
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ACTS PARAMETER OPTIMIZATION SUITE
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ACTS PARAMETER OPTIMIZATION SUITE

(Link to Optimization code)

s Observed Tracking .....'A
N : oo Perf

m  Optimization algorithms are built into the ACTS erformance

framework (T 5 7) 4

/.

m  ACTS integrates two optimization tools: Optuna and a‘ 't

Orion :

u Derivative_free iterative algorithms K TRACKING FRAMEWORK j K PARAMETER TUNING ALGORITHM/

Suggested Input

®  |everage structured, non-so-random search strategies PEFE AT

to efficiently explore the parameter space and identify

optimal configurations

Currently used by multiple experiments: LDMX/HPS. COMET etc.
®  Highly customizable based on underlying configuration
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https://optuna.org/
https://orion.readthedocs.io/en/stable/
https://github.com/acts-project/acts/tree/main/Examples/Scripts/Optimization

OPTUNA ALGORITHM

Black-box optimization algorithm

Uses TPE (Tree-structured Parzen Estimator)
approach for finding new parameter
configurations

= On each trial, for each parameter, TPE fits one
Gaussian Mixture Model (GMM) I(x) to the set
of parameter values associated with the best
objective values, and another GMM g(x) to the
remaining parameter values. It chooses the
parameter value x that maximizes the
ratio 1(x)/g(x)

m  Tries to get new configurations that are closer
to previous best configurations
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ORION ALGORITHM

Black-box optimization algorithm

Uses ASHA (Asynchronous Successive Halving
Algorithm) approach for finding new parameter

configurations

Uniformly allocate a budget to a set of candidate
hyperparameter configurations in a given rung

Evaluate the performance of all candidate
configurations

Promote the top half of candidate configurations
to the next rung

Double the budget per configuration for the next
rung and repeat until one configuration remains

Successively achieve better configurations
compared to the previous ones


https://arxiv.org/abs/1810.05934
https://arxiv.org/abs/1810.05934

ACTS PARAMETER OPTIMIZATION SUITE: WORKFLOW

Compute an
Objective function
based on the performance
metrics

Run tracking and provide
tracking performance
metrics. E.g. Tracking

efficiency, fake rate, etc.

a

\

1

ACTS4NP | ROCKY B GARG

\ TRACKING FRAMEWORK /

i.-".. Observed Tracking s,
K Performance
G 7 &
B

Suggested Input

Parameters

Parameter list

PARAMETER TUNING ALGORITHM J




ACTS PARAMETER OPTIMIZATION SUITE: WORKFLOW

OBJECTIVE FUNCTION IS ONE OF THE MOST IMPORTANT QUANTITY IN AN OPTIMIZATION PROBLEM
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ACTS PARAMETER OPTIMIZATION SUITE: CODEBASE

Defining the Objective function

class Objective:

def __init__ (self, k_dup, k_time):
def run_ckf(params, names, outDir): self.res =

if len(params) != len(names): neff': [] ial . T T
il (S e ET 6F CEGETS MUSE Garel meras) ’ maxSeedsPerSpM = trial.suggest_int("maxSeedsPerSpM", 0, 10)

“fakerate": [], params.append (maxSeedsPerSpM)
ckf_script = srcDir / "ckf.py" "duplicaterate": [], cotThetaMax = trial.suggest_float("cotThetaMax", 5.0, 10.0)
nevts = "--nEvents=1" "runtime": [1, params.append(cotThetaMax)

AERLE = MRt < (ST sigmaScattering = trial.suggest_float("sigmaScattering", 0.2, 50)
outdir = "-—output=" + str(outDir)

Running the tracking algorithm for Defining the Parameter Space

a given configuration def _call_(self, trial, ckf_perf=True):

params = []

ret = ["python"] self.k _dup = k_dup

ret.append(ckf_script) self.k time = k time

.append(nevts) . o« e 5 .
IZI.aELnd&:dii) efficiency = self.res["eff"] [-1] Calling the Optimization algorithm

. # creating a new optuna study
.append(outdir) =

penalty ( study = optuna.create_study(
0 self.res["fakerate"][-1] study_name=study_name,
param in params: . + SElf. res ["duplicaterate"] [_1] / SElf. k_dup storage=storage_name,
arg = "--sf_" + names[i] + "=" + str(param) ) . direction="maximize",
ret.append(arg) + self.res["runtime"][-1] / self.k_time

load_if_exists=True,
i+=1

# Run CKF for the given parameters .
# study.enqueue_trial(start_values)
subprocess.call(ret)

return efficiency - penalty # Start Optimization
study.optimize(objective, n_trials=3)
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OPTIMIZATION PERFORMANCE: TRACK SEEDING

m  Optimized 8-track
seeding parameters

®  Evaluated performance
over full track
reconstruction

®m  Compared results with
default configuration

®  Corresponding results
for ATLAS-ITk
geometry present here
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2022-04/

SHORTCOMINGS OF THE CURRENT IMPLEMENTATION

" The current algorithms in the ACTS optimization suite are the derivative-free optimization algorithms, which have
many drawbacks:

®  Less efficient in high-dimensional problems: These algorithms often require many function evaluations, which
becomes increasingly impractical as the number of parameters grows (so-called ”curse of dimensionality”)

= Slower convergence: They typically need significantly more iterations or evaluations to reach an acceptable solution

®  Sensitivity to noise: Derivative-free algorithms assume that function evaluations are reliable. Their performance can
degrade substantially if the objective function is noisy or not fully efficient

= Poor scalability in expensive evaluations: If the objective function is costly to evaluate (which is true in our case), the
large number of required evaluations can be impractical

"  No guarantee if the achieved solution is good enough: These algorithms do not ensure that the solution found is
globally optimal or even sufficiently good

= High risk of local minima: Tracking problems often involve complex landscapes with multiple local minima.The
likelihood of getting trapped in a local minimum is high
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NEW APPROACHES FOR MORE STRUCTURED OPTIMIZATION
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THE PROBLEM IN HAND!!!

®  Tracking algorithms are inherently complex

® The parameter space is high-dimensional
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THE PROBLEM IN HAND!!!

®  Tracking algorithms are inherently complex
® The parameter space is high-dimensional
= And the most challenging aspects:

= The objective functions are non-differentiable,
making traditional gradient-based optimization
infeasible
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THE PROBLEM IN HAND!!!

Multi-Objective Optimization Problem
®  Tracking algorithms are inherently complex
® The parameter space is high-dimensional

= The objective functions are non-differentiable, E @ g E

making traditional gradient-based optimization
infeasible

= And the most challenging aspects: OBJECTIVE

FUNCTION

= A multi-objective optimization problem, requiring
trade-offs between competing goals to find a
balanced solution
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BAYESIAN OPTIMIZATION AS A POTENTIAL NEW APPROACH
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WHAT IS BAYESIAN OPTIMIZATION?

BAYESIAN OPTIMIZATION = SURROGATE MODEL + ACQUISITION FUNCTION

A probabilistic model that
approximates the objective
function

A utility function that guides
the selection of next point to
evaluate

E.g. Gaussian Process (GP) Works on
model

“Exploration and Exploitation”

p(ylf(x)) = N(f(x),07) strategy
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WHAT IS BAYESIAN OPTIMIZATION?

BAYESIAN OPTIMIZATION = SURROGATE MODEL + ACQUISITION FUNCTION

A probabilistic model that
approximates the objective
function

A utility function that guides
the selection of next point to
evaluate

E.g. Gaussian Process (GP) Works on
model

“Exploration and Exploitation”

p(ylf(x)) = N(f(x),07) strategy

Follows Bayesian inference, where the posterior probability distribution is determined based
on the observed data and Bayes’ rule

p(D|wo, wy)p(wo, wy)
p(D)
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p(wg, w,|D) =




arXiv:2312.05667

HOW BAYESIAN OPTIMIZATION WORKS!?

m Step |: Construction of a statistical surrogate model of the objective function based on measured data (Gaussian
Process modeling is often used)

m  Step 2: Define the acquisition function based on the GP model, which defines the relative “value” of potential
future measurements in input space

m  Step 3 and further: Evaluate the objective function for the point (or set of points) that maximizes the acquisition
function

m  Repeats until the optimization criteria is met

—— Model ® Data === Ground truth
1.0 - PN step 1| A PN step 2| - PN step 3
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/ \ / \ / \
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https://arxiv.org/pdf/2312.05667

BAYESIAN OPTIMIZATION IN ACTION

ParBayesianOptimization in Action (Round 1)
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WHY BAYESIAN OPTIMIZATION?

= The uncertainty estimation by the surrogate model informs the acquisition function, which intelligently
selects the next sampling point

= The acquisition function accelerates convergence by identifying optimal regions with fewer iterations

= |t employs a balanced “exploration vs. exploitation” strategy, improving the chances of efficiently
locating the global minimum

= Particularly well-suited for noisy and expensive-to-evaluate optimization problems
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CONCLUSION

m  Particle tracking optimization is a challenging, high-dimensional, and non-differentiable problem
®  Success of current ACTS Optimization suite prompts further developments in this direction

®  Bayesian Optimization offers a powerful, sample-efficient alternative by combining:

" Probabilistic modeling and Smart exploration

" |ncorporating such techniques into frameworks like ACTS could lead to significant performance improvements
and more robust optimization strategies

ACTS4NP | ROCKY B GARG
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BACK-UP
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PERFORMANCE EVALUATION: SCORE/OBJECTIVE FUNCTION

Combinatorial Kalman Filter (CKF)

. . DuplicateRate RunTime
Score Function = Efficiency — (FakeRate + D + ),

K K

(K = 7 for all algorithms)

Track reconstruction efficiency: fraction of generated particles that have created at
least 9 measurements on the traversed detectors and are associated with tracks

Fake rate: Fraction of reconstructed tracks not associated with any truth particle

Duplicate rate: Fraction of multiple reconstructed tracks associated with same truth
generated particle
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LIST OF PARAMETERS CONSIDERED FOR TRACK SEEDING

OPTIMIZATION

= maxPtScattering: upper PT limit for scattering angle calculations

= impactMax: maximum value for impact parameter

= deltaRMin: minimum distance in r between two measurements within one seed

= deltaRMax: maximum distance in r between two measurements within one seed
= sigmaScattering: number of sigma used for scattering angle calculations

= radLengthPerSeed: average radiation lengths of material on the length of a seed

= maxSeedsPerSpM: number of space-points in top and bottom layers considered for compatibility
with middle space-point

= cotThetaMax: maximum cotTheta between two space-points in a seed to be considered
ACTS4NP | R&Rm Q/@Elble 28



CKF PARAMETERS FOR GENERIC DETECTOR:

DEFAULT AND OPTIMIZED

g/\
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