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1.Background & Objective: Optimal Detector Design 3. Solution Approaches 11 5. Learning General Purpose Physical Simulators
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9:  Fix weights of the surrogate model ¢ Predicting dynamics of different physical systems, from structural mechanics over cloth to fluid dynamics |7]
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« (Generalised objective : Can we maximize mutual information between x and y” Black-Box Optimization with Local Surrogates |2]

(b) Example optimization

— Reconstruct x from vy : use reconstruction performance as loss tunction. él by
4. Calorimeter Simulation and Optimization ) 1
i l
. A Simulation helps design detectors during R&D phase and in understanding its response besian E— pesian S—
2. Solution Approaches I for physics studies and analysis. Grmiton e :

« p(y | x,0) not available in closed form and simulator not differentiable w.r.t. 6. Geant4 : Physics-based trajectory modelling of particles propagating in material [3]. Jptimite  phye e B

— Forward simulation to sample from p(.) and approximate: FullSim framework, iterative and based on Monte-Carlo, initialised with construction
n of material & geometry, particle types and physics processes.

» Goal is to direct a stream of water (shown in blue) into two “pools” (shown in purple)
by designing a “landscape” (shown in green) parameterized as a 2D height field

A 1

0, = arg mein - LIA(R(yi)),c(0) Latency bottleneck as O(10) simulations needed for accurate inference.
i=1

6. Other Examples : Optimal Chip Design

FastSim is a trade-off between simulation time and accuracy :

— Differential simulator
— Fast simulation hooks in Geant4.

— Deep generative models : CaloGAN (4], CaloFlow [5], CaloScore |6], etc.
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Chip RL agent places macros one at a time
canvas

—Surrogates (y = S(z, z,0)) :

a

For optimization of calorimeter design itself — need generative models additionally
conditioned on design parameters 6 (shape/geometry, material, etc.)

Cells in Layer 3
Ap=An = 0.0245=0.05

T

Overview of chip design method [9] and training regimen. In each training iteration, the RL agent places macros one at a time (actions, states and rewards are denoted by a;, s; and r;, respectively).
Once all macros are placed, the standard cells are placed using a force-directed method. The intermediate rewards are zero. The reward at the end of each iteration is calculated as a linear combination of
the approximate wirelength, congestion and density, and is provided as feedback to the agent to optimize its parameters for the next iteration.
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