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Abstract

We introduce thevariational bltering EM algorithma simple, general-purpose
method for performing variational inference in dynamical latent variable models
using information from only past and present variables, i.e. Pltering. The algorithm
is derived from the variational objective in the bltering setting and consists of an op-
timization procedure at each time step. By performing each inference optimization
procedure with an iterative amortized inference model, we obtain a computationally
efbcient implementation of the algorithm, which we cathortized variational
bltering We present experiments demonstrating that this general-purpose method
improves inference performance across several recent deep dynamical latent vari-
able models.

1 Introduction

Complex tasks with time-series data, like audio comprehension or robotic manipulation, must often
be performed online, where the model can only consider past and present information. Models for
such tasks, e.g. Hidden Markov Models, frequently operate by inferring the hidden state of the world
at each time-step. This type of online inference procedure is knowitesng Learning bltering
models purely through supervised labels or rewards can be impractical, requiring massive collections
of labeled data or signibcant efforts at reward shaping. In contrast, generative models can learn
and infer hidden structure and states directly from data. Deep latent variable nit8|2g, [37],

in particular, offer a promising direction; they infer latent representations using expressive deep
networks, commonly using variational methods to perform infere@dp [Recent works have
extended deep latent variable models to the time-series settingZeX?].[ However, inference
procedures for these dynamical models have been proposed on the basis of intuition rather than from
a rigorous inference optimization perspective, potentially limiting performance.

We introducevariational bltering EM an algorithm for performing Pbltering variational inference and
learning that is rigorously derived from the variational objective. As detailed below, the variational
objective in the bltering setting results in a sequence of inference optimization objectives, with
one at each time-step. By initializing each of these inference optimization procedures from the
corresponding prior distribution, a classic Bayesian prediction-update loop naturally emerges. This
contrasts with existing bltering approaches for deep dynamical models, which use inference models
that do not explicitly account for prior predictions during inference. However, using iterative inference
modelsB2], which overcome this limitation, we develop a computationally efbcient implementation

of the variational bltering EM algorithm, which we refer toasortized variational blteringAVF).

The main contributions of this paper are the variational bltering EM algorithm and its amortized
implementation, AVF. This general-purpose bltering algorithm is widely applicable to dynamical
latent variable models, as we demonstrate in our experiments. Moreover, the variational bltering EM
algorithm is derived from the pltering variational objective, providing a solid theoretical framework
for bltering inference. By precisely specifying the inference optimization procedure, this method
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takes a simple form compared to previous handbdesigned methods. Using several deep dynamical
latent variable models, we demonstrate that this bltering approach compares favorably against current
methods across a variety of benchmark sequence data sets.

2 Background

Sectior{ 2.1 provides the general form of a dynamical latent variable model. Secfion 2.2 covers
variational inference. Deep latent variable models are often trained efpciently by amortizing inference
optimization (Sectiop 2]3). Applying this technique to dynamical models is non-trivial, leading many
prior works to use handbdesigned amortized inference methods ($ection 2.4).

2.1 Dynamical latent variable models

A sequence ofl" observationsx, 7, can be modeled using a dynamical latent variable model,
pe(X1 1,21 7), which models the joint distribution betwegn - and a sequence of latent variables,
z, 7, with parameter§. It is typically assumed thaty (X, 7,z r) can be factorized into conditional
joint distributions at each stepy(X¢, Z:|X <+, Z<¢), Which are conditioned on preceding variables.
This results in the following auto-regressive formulation:

T T
po(xy 1,20 7) = [ [ po(Xe, zelx <t <o) = [ [ po(XelX i, 20 )po(ZelX <t 220). (1)
t=1 t=1

po(X¢|X <1, 21 ¢) is theobservatiormodel, andby(z;|X <+, Z<;) is thedynamicanodel, both of which

can be arbitrary functions of their conditioning variables. However, whil¢ Eq. 1 provides the general
form of a dynamical latent variable model, further assumptions about the dependency structure, e.g.
Markov, or functional forms, e.g. linear, are often necessary for tractability.

2.2 Variational inference

Given a model and a set of observations, we typically waitfer the posterior for each sequence,
p(z1 r|x: ), andlearnthe model parameter8, Inference can be performed online or ofR8ine through
Bayesian bltering or smoothing respectivédg|| and learning can be performed through maximum
likelihood estimation. Unfortunately, inference and learning are intractable for all but the simplest
model classes. For non-linear functions, which are presatgaplatent variable models, we must
resort to approximate inference. Variational inferer24] feformulates inference as optimization by
introducing an approximate posterigfz, r|X, ), then minimizing the KL-divergence to the true
posteriorp(z; r|x: 7). To avoid evaluating(z, r|X, ), one can express the KL-divergence as

Drr(q(zi X1 7)||p(z1 7|X1 7)) = logpe(Xy 7) + F, 2

whereF is thevariational free energyalso referred to as the (negativajidence lower boundr
ELBO, debned as

po(X1 7,21 T)
- _E log ————=
q(z) T Ix1 1) g q(zy X1 1)

In Eq.[2,log py(x: 7) is independent of(z, 7|, r), SO one can minimize the KL-divergence to

the true posterior, thereby performing approximate inference, by minimizingr.t. ¢(z, 7|X: 7).

Further, as KL-divergence is non-negative, Eq. 2 implies that free energy upper bounds the negative
log likelihood. Therefore, upon minimizing w.r.t. ¢(z: r|x: ), one can use the gradiewyF to

learn the model parameters. These two optimization procedures are respectively the expectation and
maximization steps of the variational EM algorithB¥], which alternate until convergence. To scale

this algorithm, stochastic gradients can be used for both inference [35] and learning [21].

®)

2.3 Amortized variational inference

Performing inference optimization using conventional stochastic gradient descent techniques can be
computationally demanding, potentially requiring many inference iterations. To increase efbciency, a
separaténference modetan learn to map data examples to approximate posterior estirBgieSs [



27,137, therebyamortizinginference across examplég]. Denoting the distribution parameters of
q as! 9 (e.g. Gaussian mean and variance), standard inference models take the form

L fo(x), (4)

where the inference model is denotedfasith parameterg. These models, though efbcient, have
limitations. Notably, because these models only receive the data as input, they are unable to account
for empirical priors Such priors arise in the dynamics of dynamical models, forming priors across
time steps, as well as in hierarchical models, forming priors across levels. Previous works have
neglected to include empirical priors during inference, attempting to overcome this limitation through
heuristics, like Otop-downO inference in hierarchical mcd@sipd recurrent inference models in
dynamical models, e.d.[[7].

Iterative inference model82] directly account for these priors, instead performing inference opti-
mization by iteratively encoding approximate posterior estimates and gradients:

19 f,(1 9,V 4 F). (5)

The gradientsy, « F, can be estimated through black box methd& r the reparameterization

trick [27,[37] when applicable. Analogously to learning to lecii jterative inference models learn

to perform inference optimization, therelgarning to infer Eq.[5 provides a viable encoding form

for an iterative inference model, but other forms, such as additionally encoding thexdatm
potentially lead to faster inference convergence. Empirically, iterative inference models have also
been shown to yield improved modeling performance over comparable standard rnadels [32].

2.4 Related work

Many deterministic deep dynamical latent variable models have been proposed for sequential data
[6,141,[30,[10]. While these models often capture many aspects of the data, they cannot account for the
uncertainty inherent in many domains, typically arising from partial observability of the environment.
By averaging over multi-modal distributions, these models often produce samples in regions of low
probability, e.g. blurry video frames. This inadequacy necessitates moving to probabilistic models,
which can explicitly model uncertainty to accurately capture the distribution of possible sequences.

Amortized variational inferencé@F, [37] has enabled many recently proposed probabilistic deep
dynamical latent variable models, with applications to vidé&®) [B6, 43,23 (15,11, (3,9, 29, [19],
speech(T, [12, [17, [22, [29], handwriting [7], music [L2], etc. While these models differ in their
functional mappings, most fall within the general form of [£q. 1. Crucially, simply encoding the
observation at each step is insufbcient to accurately perform approximate inference, as the prior
can vary across steps. Thus, with each model, a hand-crafted amortized inference procedure has
been proposed. For instance, many bltering inference methods re-use various components of the
generative model7,[12,[15,(9], while some methods introduce separate recurrent neural networks
into the Pbltering procedur@|9] or encode the previous latent sam[€][ Specifying a bltering

method has been an engineering effort, as we have lacked a theoretical framework.

The variational bltering EM algorithm precisely specibes the inference optimization procedure
implied by the pltering variational objective. The main insight from this analysis is that, having drawn
approximate posterior samples at previous steps, inference becomes a local optimization, depending
only on the current prior and observation. This suggests one unibed approach that explicitly performs
inference optimization at each step, replacing the current collection of custom bltering methods.
When the approximate posterior at each step is initialized at the corresponding prior, this approach
entails a Bayesian prediction-update loop, with the update composed of a gradient (error) signal.

Perhaps the closest technique in the probabilistic modeling literature is the Oresidual” inference
method from Fraccaret al. [12], which updates the approximate posterior mean from the prior.
Similar ideas have been proposed on an empirical basis for deterministic m@&§][ PredNet

[3Q] is a deterministic model that encodes prediction errors to perform inference. This approach is
inspired by predictive codin@E, [13], a theory from neuroscience that postulates that feedforward
pathways in sensory processing areas of the brain use prediction errors to update state estimates from
prior predictions. In turn, this theory is motivated by classical Bayesian blté3BjgwWhich updates

the posterior from the prior using the likelihood of the prediction. For linear Gaussian models, this
manifests as the Kalman bltér [25], which uses prediction errors to perform exact inference.
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Figure 1:Variational bltering EM. The diagram shows bltering inference within a dynamical latent
variable model, as outlined in Algorithm 1. The central gray region depicts inference optimization
of the approximate posteriay(z;|X: +,Z<¢), at stept, which can be initialized at or near the corre-
sponding priorpy(z:|X <¢,Z<;). Sampling from the approximate posterior generates the conditional
likelihood, pe (X¢|X <¢, 21 +), Which is evaluated at the observatian, to calculate the reconstruction
error. This term is combined with the KL divergence between the approximate posterior and prior,
yielding the step free energ¥; (Eq.[9). Inference optimization (E-step) involves bnding the approx-
imate posterior that minimizes the step free energy terms. Learning (M-step), which is not shown,
corresponds to updating the model parametergy minimize the total free energy,.

Finally, several recent works have used particle bltering in conjunction with amortized inference to
provide a tighter lower bound on the log likelihood for sequential daig33,128]. The techniques
developed here can also be applied to this tighter bound.

3 \Variational bltering

Sectior| 3.11 describes variational Pltering EM (Algorithm 1), a general algorithm for performing
Pltering variational inference in dynamical latent variable models. In Sectipn 3.2, we introduce a
method for amortizing inference optimization using iterative inference models.

3.1 \Variational Pltering expectation maximization (EM)

In the Pltering setting, the approximate posterior at each step is conditioned only on information
from past and present variables, enablimijne approximate inference. This implies a structured
approximate posterior, in whicf(z, r|x, 1) factorizes across steps as

T
q(z 7lxi 1) = HQ(Zf,|X1 tZ<t) (6)
=1

Note that the conditioning variables in each ternyafenote arindirect dependence that arises
through free energy minimization and does not necessarily constitute a direct functional mapping.
Under a bltering approximate posterior, the free energy[(Eq. 3) can be expressed as

T T
F= Z EH}=11 q(zr X1 1,2« ) []:t] = ]:t’ (7)
t=1 t=1
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Algorithm 1 Variational Filtering Expectation Maximization

1: Input: observation sequencg.r, modelpy(X1.7, Z1:7)

2: VoF =0 > parameter gradient
3: fort=1toT do

4: initialize q(z:|X1 +,Z<t) > at/neamg (z¢|X <¢, Z<+)
5: ft = E‘I(Zd |X<t sZat " l) []:t]~

6: q(Z4[X1 1,2<¢) = argmin, F; > inference (E-Step)
7. VoF =VoF + VoF,

8: end for

9:0=0—aVyF > learning (M-Step)

(see Appendix A for the derivation) whe#g is thestep free energydebned as

Po(Xt, Z¢|X <4, Z<t)
q(z¢|X1 ¢, Z<t)

Fi = _Eq(Z‘|X! tZ<t ) log (8)

and we have also debngd as thet™ term in the summation. Note that with a single step, the bPltering
free energy reduces to the brst step free energy, thereby recovering the static case. As in this setting,
the step free energy can be re-expressed as a reconstruction term and a KL-divergence term:

Ft = —Egz %) 1,2« ) logpo(Xe|X<t,21 ¢)] + Drr(q(ze|X1 ¢, Z<¢)||po(Ze|X <2, 2<4)).  (9)

The bltering free energy in Ep] 7 is the sum of these step free energy terms, each of which is evaluated
according to expectations over past latent sequences. To perform Pltering variational inference, we
must bnd the set &f terms ing(z, r|x, 7) that minimize the Pltering free energy summation.

We now describe the variational bltering EM algorithm, given in Algorifim 1 and depicted in Figure
[Z, which optimizes Ed. 7. This algorithm sequentially optimizes each of the approximate posterior
terms to perform Pltering inference. Consider the approximate posterior at step|X: +,Z<¢).

This term appears iff, either directly or in expectations, in termthroughT’ of the summation:

terms in whichg(z; [X, t,z<« ) appears

f:ﬁ1+ﬁ2+~-~+ﬁt--1-‘1-.7:—15-"-]}“1 +"'+]}T"1+]:—T- (10)

steps on whichy(z: |X, t,z<« ) depends

However, the pltering setting dictates that the optimization of the approximate posterior at each step
can only condition on past and present variables, i.e. stép®ught. Therefore, of th&" terms in
F, theonly term through which we can optimizgz,;|x, ,z<;) is thet™" term:

¢*(z)x1 ¢,Z<¢) = argmin F. (12)

q(ze|X1 1,z )

Optimizing F; requires evaluating expectations over previous approximate posteriors. Again, because
approximate posterior estimates cannot be inBuenced by future variables, these past expectations
remainbxedthrough the future. Thus, variational bltering (the variational E-step) can be performed

by sequentially minimizing each; w.r.t. ¢(z;|X, +,Z<¢), holding the expectations over past variables
bxed. Conveniently, once the past expectations have been evaluated, inference optimization is entirely
debned by the free energy at that step.

For simple models, such as linear Gaussian models, these expectations may be computed exactly.
However, in general, the expectations must be estimated through Monte Carlo samples from
with inference optimization carried out using stochastic gradié3fis [As in the static setting,

we can initializeg(z¢|x, +,z<;) at (or near) the priofys (z:|X <+, Z<¢). This yields a simple inter-
pretation: starting witly at the prior, we generatemedictionof the data through the likelihood,
po(X¢|X<t, 21 +), to evaluate the current step free energy. Using the approximate posterior gradient,
we then perform an inferenagdateto the estimate of. This resembles classical Bayesian Pltering,
where the posterior is updated from the prior prediction according to the likelihood of observations.
Unlike the classical setting, reconstruction and update steps are repeated until inference convergence.



After inferring an optimal approximate posterior, learning (the variational M-step) can be performed
by minimizing the total pltering free energy w.r.t. the model parameierss Eq| 7 is a summation
and differentiation is a linear operatio¥y.F is the sum of contributions from each of these terms:

T
Vo F = ZVQ {El_ﬁ;f a(zi %11 za ) []:tﬂ ’ 42
t=1

Parameter gradients can be estimated online by accumulating the result from each term in the pltering
free energy. The parameters are then updated at the end of the sequence. For large data sets, stochastic
estimates of parameter gradients can be obtained from a mini-batch of data examiples [21].

3.2 Amortized variational pbltering

Performing approximate inference optimization (Algorithin 1, Line 6) with traditional techniques can
be computationally costly, requiring many iterations of gradient updates and hand-tuning of optimizer
hyper-parameters. In online settings, with large models and data sets, this may be impractical. An
alternative approach is to employ an amortized inference model, which can learn to miginizet.

q(z¢|x1 +,z<;) more efpciently at each step. Note ttfat(Eqg. @) contain®g (X, Z¢|X <1, Z<t) =
po(X¢|X<t, 21 ¢)po(Ze|X <1, Z<¢). The prior,pg(z¢|X <¢,Z<;), varies across steps, constituting the
latent dynamics. Standard inference models, which only encgdin not have access to the prior

and therefore cannot properly optimizéz;|x, +,z<;). Many inference models in the sequential
setting attempt to account for this information by including hidden states/£(2,[9]. However,

given the complexities of many generative models, it can be difbcult to determine how to properly
route the necessary prior information into the inference model. As a result, each dynamical latent
latent variable model has been proposed with an accompanying custom inference model set-up.

We propose a simple and general alternative method for amortizing bltering inference that is agnostic
to the particular form of the generative model. Iterative inference ma@gls fturally account for

the changing prior through the approximate posterior gradients. These models are thus a natural
candidate for performing inference at each step. Similar t¢ Eq. 5, wimfx, ;,z.) is a parametric
distribution with parameters?, the inference update takes the form:

! g(—f¢(| g,V]?]}t). (13)

We refer to this set-up aamortized variational blteringAVF). As in Eq.[5, we note that E¢. 13
offers just one particular encoding form for an iterative inference model. For instanceuld be
additionally encoded at each step. Margtal. also note that in latent Gaussian models, precision-
weighted errors provide an alternative inference optimization si@2hl There are two main benebts
to using iterative inference models in the pltering setting:

e The approximate posterior is updated from the prior, so model capacity is utilized for
inferencecorrectionsrather than re-estimating the approximate posterior at each step.

e These inference models contain all of the terms necessary to perform inference optimization,
providing a simple model form that does not require any additional hidden states or inputs.

In practice, these advantages permit the use of relatively simple iterative inference models that can
perform Pltering inference efbciently and accurately. We demonstrate this in the following section.

4 Experiments

We empirically evaluate amortized variational bltering using multiple deep dynamical latent Gaussian
model architectures on a variety of sequence data sets. Specibcally, we use AVF to train VRNN
[7], SRNN [12], and SVG [B] on speechlI4], music ], and video B9 data. In each setting, we
compare AVF against the originally proposed Pltering method for the model. Diagrams of the bltering
methods are shown in Figure 2. Implementations of the models are based on code provided by
the respective authors of VR RNI\{E]. and SV(E} Accompanying code can be found online at
github.com/joelouismarino/amortized-variational-filtering L

*https://github.com/jych/nips2015_vrnn
2https://github.com/marcofraccaro/srnn
3https://github.com/edenton/svg
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Figure 2: Filtering inference models for VRNN, SRNN, SVG, and AVF. Each diagram shows the
computational graph for inferring the approximate posterior parameétérsit stept. Previously
proposed methods rely on hand-crafted architectures of observations, hidden states, and latent
variables. AVF is a simple, general bltering procedure that only requires the local inference gradient.

4.1 Experiment set-up

Iterative inference models are implemented as specibed in EEq. 13, encoding the approximate posterior
parameters and their gradients at each inference iteration at each step. FolR&ljimge[normalize

the inputs to the inference model using layer normalizaiR)n The generative models that we
evaluate contain non-spatial latent variables, thus, we use fully-connected layers to parameterize the
inference models. Importantly, minimal effort went into engineering the inference model architectures:
across all models and data sets, we utilizeshmmeinference model architecture for AVF. Further
details are found in Appendix B.

4.1.1 Speech modeling
. Observation
Models For speech modeling, we WH »W

use VRNN and SRNN, attempting to

keep the model architectures consis-

tent with the original implementations V29e Outhut
. . . eration O

The most notable difference in our im-

plementation occurs in SRNN, where

we use an LSTM rather than a GRU,, 0 ger output
as the recurrent module. As iid], jteration 1 WPWW%«WP_W
we anneal the KL divergence initially

during training. In both models, we

use a Gaussian output density. Urrigure 3: Test data (top), output predictions (middle), and
like [7, [12, [17], which evaluate log reconstructions (bottom) for TIMIT using SRNN with AVF.
densitieswe evaluate and report logSequences run from left to right. The predictions made by
probabilities by integrating the out-the model already contain the general structure of the data.
put density over the data discretizatioAVF explicitly updates the approximate posterior from the
window, as in modeling image pixelsprior prediction, focusing on inferena®rrectionsrather

This permits comparison across diffethan re-estimation.

ent output distributions.

Data We train and evaluate on TIMITLH], which consists of audio recordings of 6,300 sentences
spoken by 630 individuals. As performed lifj,[we sample the audio waveforms at 16 kHz, split

the training and validation sets into half second clips, and group each sequence into bins of 200
consecutive samples. Thus, each training and validation sequence consists of 40 model steps.
Evaluation is performed on the full duration of each test sequence, averaging roughly 3 seconds.

4.1.2 Music modeling

Model We model polyphonic music using SRNN. The generative model architecture is the same as
in the speech modeling experiments, with changes in the number of layers and units tdl®jatch [
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Figure 4:Improvement with inference iterations. Results are shown on the TIMIT validation set
using VRNN with AVF. (a) Average free energy per step with varying numbers of inference iterations
during training. Additional iterations tend to result in improved performance. (b) Average relative
improvement in free energy from the initial (prior) estimate at each inference iteration for a single
model. Empirically, each successive iteration provides further, smaller improvements.

To model the binary music notes, we use a Bernoulli output distribution. Again, we anneal the KL
divergence initially during training.

Data We use four data sets of polyphonic (MIDI) mush]:[ Piano-midi.de, MuseData, JSB
Chorales, and Nottingham. Each data set contains between 100 and 1,000 songs, with each song
between 100 to 4,000 steps. For training and validation, we break the sequences into clips of length
25, and we test on the entire test sequences.

4.1.3 Video modeling

Model Our implementation of SVG differs from the original model in that we evaluate conditional
log-likelihood under a Gaussian output density rather than mean squared output error. All other
architecture details are identical to the original model. Howe@bddwn-weight the KL-divergence

by a factor of 1e-6 at all steps. We instead remove this factor to use the free energy during training
and evaluation. As to be expected, this results in the model using the latent variables to a lesser extent.
We train and evaluate SVG using bltering inference at all steps, rather than predicting multiple steps
into the future, as ir [9].

Data We train and evaluate SVG on KTH Actiori39], which contains 760 train / 768 val / 863
test videos of people performing various actions, each of which is between roughly 50 - 150 frames.
Frames are re-sized to 6464. For training and validation, we split the data into clips of 20 frames.

4.2 Results
4.2.1 Additional Inference Iterations

The variational Pltering EM algorithm involves inference optimization at each step (Algdrithm 1,
Line 6). AVF optimizes each approximate posterior through a model that learns to perform iterative
updates (Ed. 13). Additional inference iterations may lead to further improvement in performance
[32]. We explore this aspect on TIMIT using VRNN. In Figlire 4a, we plot the average free energy
per step on validation sequences for models trained with varying numbers of inference iterations.
Figure[4b shows average relative improvement over the prior estimate for a single model trained with
8 inference iterations. We observe that training with additional inference iterations empirically leads
to improved performance (Figure]4a), with each iteration providing diminishing improvement during
inference (Figurg 4b). This aspect is distinct from many baseline Pltering methods, which directly
output the approximate posterior at each step.



Table 1: Average free energy per steprfats Table 2: Average free energy per steprfats
on the TIMIT speech data set for SRNN and on the KTH Actions video data set for SVG
VRNN with the respective originally proposed with the originally proposed Pltering procedure
bltering procedures (baselines) and with AVF. (baseline) and with AVF.

[ TIMIT | KTH Actions
VRNN SVG
baseline|| 1,082 baseline 15,097
AVF 1,105 AVF 11,714
SRNN
baseline|| 1,026
AVF 1,024

Table 3: Average free energy per steprfat9 on polyphonic music data sets for SRNN with and
without AVF. Results from Fraccaret al. [12] are provided for comparison, however, our model
implementation differs in several aspects (see Appendix B).

| Piano-midi.de] MuseData] JSB Chorales Nottingham

SRNN
baseline[[1P] 8.20 6.28 4.74 2.94
baseline 8.19 6.27 6.92 3.19
AVF 8.12 5.99 6.97 3.13

We can also directly visualize inference improvement through the model output. Fjgure 3 illustrates
example reconstructions over inference iterations, using SRNN on TIMIT. At the initial inference
iteration, the approximate posterior is initialized from the prior, resulting in an output prediction.
The iterative inference model then uses the approximate posterior gradients to update the estimate,
improving the output reconstruction.

4.2.2 Quantitative Comparison

Tableg 1] P, anfd| 3 present quantitative comparisons of average bltering free energy per step between
AVF (with 1 inference iteration per step) and baseline bltering methods for TIMIT, KTH Actions,
and the polyphonic music data sets respectively. On TIMIT, training with AVF performs comparably

to the baseline methods for both VRNN and SRNN. We note that VRNN with AVF using 2 inference
iterations resulted in a Pnal test performance of 1,0&tsper step, outperforming the baseline
method. Similar results are also observed on each of the polyphonic music data sets. Again, increasing
the number of inference iterations to 5 for AVF on JSB Chorales resulted in a bnal test performance
of 6.77natsper step. AVF signibcantly improves the performance of SVG on KTH Actions. We
attribute this, likely, to the absence of the KL down-weighting factor in our training objective as
compared withi9]. The baseline pbltering procedure seems to struggle to a greater degree than AVF.
From comparing the results above, we see that AVF is a general bltering procedure that performs
well across multiple models and data sets, despite using a relatively simple inference model structure.

5 Conclusion

We introduced the variational bltering EM algorithm for bltering in dynamical latent variable models.
We noted that bltering inference can be expressed as a sequence of optimization objectives, linked
across steps through previous latent samples. Using iterative inference models to perform inference
optimization, we arrived at an efpcient implementation of the algorithm: amortized variational
bltering. This general bltering algorithm scales to large models and data sets. Numerous methods
have been proposed for bltering in deep dynamical latent variable models, with each method handb
designed for each model. The variational bltering EM algorithm provides a single framework for
analyzing and constructing these methods. Amortized variational Pltering is a simple, theoretically-
motivated, and general Pltering method that we have shown performs on-par with or better than
multiple existing state-of-the-art methods.
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A Filtering variational free energy

This derivation largely follows that o] and is valid for factorized Pltering approximate posteriors.

From Eqg. 3, we have the dePnition of variational free-energy:
: "

" ' P (X 1,21 7)
FI" E log —F/——=
a(zy 71x1 1) g Az 7% 7)
Plugging in the forms of the joint distribution (Eq. 1) and approximate posterior (Eg. 6), we can
write the term within the expectation as a sum:
# $ % &'
P(Xt, Zt|X<t » Z<t )

)

F=" EQ(Z! TIXi7T) log - AzeX1 152t ) (2
T
F=" Bz 11 1) ; log p(c;(([z’tzlillxj,tz’j:)t) 3)
o
F=" EQ(Z! TIXi 1) Gt (4)
t=1
where the tern€; is debned to simplify notation. We then expand the expectation:
#(T '
F=" Eq(lexl) s ECI(ZT [Xy 7,2<1 ) C ©)
t=1

There areT terms within the sum, but ea® only depends on the expectations up to tintecause
we only condition on past and present variables. This allows us to write:

F=" EQ(lexl) [Ci]
l Eq(lexl)Eq(22|X! 2,21) [C2]

" Eqzix1) Eq@zalxi 2.21) - - Eq(zr %1 1.2 ) [CT] (6)
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As in Section 3, we debrfe; as

Fel” EQ(Zx|X! tiZ<t ) [Ct] " (10)
" . pr(X¢, Zt|X<t , Z<t )
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This allows us to write EJ.|9 as
(7
F= E LAz X za ) [Fid, 12)
t=1

which agrees with Eq. 7.



B Implementation details

For all iterative inference models, we followed],[using two layer fully-connected networks with

1,024 units per layer, OhighwayO gating connec{8narid ELU non-linearitiedd]. Unless other-

wise noted, these models received a concatenation of the current estimate of the approximate posterior
distribution parameters and the corresponding gradients (4 terms in total), normalizing each term sepa-
rately using layer normalizatiod]. We used the output gating update employejn yVe also found

that applying layer normalization to the approximate posterior mean estimates resulted in improved
training stability. AVF is comparable in runtime to the baseline bltering methods. For example, with
our implementation of SRNN on TIMIT, AVF requires 13.1 ms per time step, whereas the baseline
method requires 15.6 ms per time step. AVF requires an additional decoding step, but inference is
local to the current step, meaning that backpropagation is more efpcient. Accompanying code can be
found online agithub.com/joelouismarino/amortized-variational-filtering.

B.1 Speech modeling

The VRNN architecture is implemented as(2), [matching the number of layers and units in each
component of the model, as well as the non-linearities. We trained on TIMIT with sequences of
length 40, using a batch size of 64. For the baseline method, we used a learning rate of 0.001, as
specibed ind]. For AVF, we used a learning rate of 0.0001. We annealed the learning rates by a
factor of 0.999 after each epoch. Both models were trained for 700 epochs.

We implement SRNN followindg], with the exception of an LSTM in place of the GRU. All other
architecture details, are kept consistent, including the use of clipp8di¢aky ReLU non-linearities.

The sequence length and batch size are the same as above. We use a learning rate of 0.001 for the
baseline method, followingb]. We use a learning rate of 0.0001. We use the same learning rate
annealing strategy as above. Followi, jve anneal the KL-divergence of the baseline linearly over

the brst 20 epochs. We increase this duration to 50 epochs for AVF to account for the lower learning
rate. The iterative inference model additionally encodes the data observation at each step, which we
found necessary to overcome the local minima from the KL-divergence. Models were trained for
1,000 epochs.

B.2 Music modeling

Our SRNN implementation is the same as in the speech modeling setting, with the appropriate
changes in the number of units and layers to mabthWe used a sequence length of 25 and a batch
size of 16. All models were trained with a learning rate of 0.0001, with a decay factor of 0.999 per
epoch. We annealed the KL-divergence linearly over the prst 50 epochs. Models were trained for 800
epochs.

B.3 Video modeling

The SVG model architecture is implemented identicallydio ith an additional log-variance term

in the observation modelOs output to provide a Gaussian output density. 4hlike [do not
down-weight the KL-divergence term in the free energy in order to achieve a proper bound. We note
that this is likely the reason that our SVG baseline performs poorly, as the original model was not
intended to be trained with the true variational bound objective. Indeed, we observed that the model
struggles to make use of the latent variables, even when annealing the KL-divergence weight in the
objective. We trained on sequences of length 20 using a batch size of 20. For both methods, we used
a learning rate of 0.0001, with decay of 0.999 after each epoch. Models were trained for 100 epochs.


https://github.com/joelouismarino/amortized-variational-filtering
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