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Independent Metropolised Sampler
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Kullback-Leibler divergence
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bijection
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Reparametrization trick
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Reparametrization trick - gradient
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REINFORCE
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No gradient calculations
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Implementation - reparameterization

1 def grt_loss(z, log_prob_z, *, model, action, use_amp):

2 layers = model['layers']

3

4 with autocast(enabled=use_amp):

5 x, logq = nf.apply_flow(layers, z, log_prob_z)
6

7 logp = -action(x)

8 loss = nf.calc_dkl(logp, logq)

10 return loss, logq.detach(), logp.detach()
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Implementation - REINFORCE

1 def gri_loss(z_a, log_prob_z_a, *,

2 model, action, use_amp):

3 layers, prior = model['layers'], model['prior']

4 with torch.no_grad():

5 with autocast(enabled=use_amp):

6 phi, logq = nf.apply_flow(layers, z_a, log_prob_z_a)
7 logp = -action(phi)

8 signal = logq - logp

9

10 with autocast(enabled=use_amp):

11 z, log_q_phi = nf.reverse_apply_flow(layers, phi)

12 prob_z = prior.log_prob(z)

13 log_q_phi = prob_z - log_g_phi

14 loss = torch.mean(log_q_phi * (signal - signal.mean()))
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Schwinger model - Implementation

m Gauge equivariant layers with circular neural spline flows
(8-knots)

m Fermionic determinant calculated explicitely

m 3=2x=0.276
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106 (2022) 014514.
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M.'S. Albergo, D. Boyda and D. C. Hackett, G. Kanwar, K. Cranmer,S. Racaniére and D. J. Rezende, P. E
Shanahan, "Introduction to Normalizing Flows for Lattice Field Theory” arXiv:2101.08176

21/32



22/32



—— REINFORCE amp
~—— REINFORCE
— reparametrisation 0.20
o 015
g
5
a
5
g
3010
0.05
0.00
4 20000 40000 60000 80000 100000 120000 0 20000 40000 60000 80000 100000 120000 140000
gradient step gradient step

23/32



1
Q= sz:lmlogP(x)

o = sign(Redet D)
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Results - Topological charge - 16 x 16
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Results - Topological charge 24 x 24
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Timings - Tesla V100-SXM2-32GB
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Memory used for gradient calculations

L batch | rt. [ REINF. |

MI[GB] L1]|MI[GB] LI
16 128 3.00 5206 26 3401
16 256 6.16 5202 5.19 3401
24 128 7.88 7847 5.37 3401
24 256 | 1572 7827 | 10.74 3401

M1 - memory used for storing buffers in flow graphs for gradient calculations
L1 - number of different buffers allocated in flow graphs for gradient
calculations
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Conclusions

m REINFORCE gradient estimator avoids action derivative.
m It can be easily implemented for reversible normalising flows.

m For complicated actions like e.g. Schwinger model it offers

m substantial time and memory savings.
m better numerical accuracy.
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Thank you :)
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Thank you :)
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