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_ From Tighter Variational Bounds to Bits-Back Schemes Coulping Technique for Reducing Initial Bit Cost

Latent variable modaels

Given an unbiased Monte Carlo estimator of the marginal likelihood py(x) Key idea: coupling the particles {z;}:', by a shared random number

e evaluating p(x) is intractable for lossless compression @f(m)@i e Goal: derive bits-back schemes with a net bitrate = — E{log py ()

v/ discrete analog of the

e jointly encoding (z, 2) is wasteful! wmbol  latent o Key idea: exploit the extended latent space representations of py(x) v {2V by a uniform r.v. u;
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ts-back coding . () = 5= stribut © decod form is enough! TRETRET
© applies latent variable models for lossless compression Q(Z | x) — proposal distribution ccoding 4 unirorm-is €notgh: (0.2 -1} Jua | Jua | u us
© achieves a better bitrate = —ELBO where the Z~Q(Z|x) © Eeduce”th?g'(”l';“?l bit cost )to O(log N) Flu) 2 i 4‘%
) actually In practice S/
@ suffers from a KL gap to the cross-entropy v Derive McBits coders as with BB-ELBO
¥ P : Cross- ideal net total
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J_c _e 5P Bits-Back approx. gap | KL gap | dirty bits | init. bits decode Z with Q(Z | z) BB-IS (Importance Sampling) Experiments
v additional cost encode zand Z with P(z, Z) BB-SMC (Sequential Monte Carlo)
v better for compression McBits approx. gap | dirty bits | init. bits _ return m/ BB-AIS (Annealed Importance Sampling)

Convergence: the net bitrates of McBits coders converge to the entropy on
both toy mixture model (left) and toy hidden markov model (right)

Background: Bits-Back is Suboptimal

Simplest Example: Decode Multiple Particles and Pick One
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o stack-like (LIFO) entropy coder e samples N particles z; ~ q(z;| x) i.i.d. and averages the importance weights £ s Bl §44 55 5MC
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m — log p(x) E—» decode x with p(z)

........... e the variational bound (IWAE) converges monotonically to log p(x) as N — oo

Bits-Back with ANS (BB-ANS) Additional cost: nearly O(1) initial bit cost achieved by coupling (left);

_ _ BB-IS sublinear computational cost with parallelization over particles (right)
® uses an approximate posterior q(z | & . . . . .
ppr p | q(z | ) v/ Z includes N particles {z;};', and a particle index 7 € {1 .. N} .
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~ooooo <— encode z; with p(z;)
N < encode ry with p(xol2) : m— Trained on MNIST Letters
4 encode ' with p(2) 'l encode j with Cat(1/N) Compressing  MNIST Letters MNIST Letters
----- ' BB-ELBO 0.236 0.310 0.257 0.250
net bits BB-IS (N =5) 0231 0.280 0.249 0.243

© saves — log ¢(z|x) bits/sym = net bitrate = —ELBO
@ needs — log q(z | x) initial bits for the first symbol
@ ELBO may be a loose bound on log p(x) = KL gap

. : :
© asymptotically reaches the cross-entropy Savings 3.4% 4.4%

@ requires O(N) initial bits < O(N) decoded latent variables More extensive evaluation and ana|ysi5 are in our paper!




