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e.g.

Incremental stateful global scoring models

Joint distribution = locally normalized distribution = greedy sampling = easy
Conditional distribution = globally normalized distribution = hard!
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To compute p(Yoyodyne/B Industries/I was/O | Yoyodyne Industries was…), we have to compute the total 
probability of all suffix paths consistent with the suffix “bought by Tony Stark .” 

Condition on evidence x = Yoyodyne industries was … 
Sampling p(y | x)
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we must look ahead to see which y3
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 values are compatible with future x.
Bad news: Doing this via the backward algorithm is intractable for RNN models.
Good news: We can approximate it using a right-to-left RNN … and then correct the 
approximation by reweighting the particles.
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But not the unnormalized distribution 
that restricts to just the white paths.

X
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p(x3, y3 | x1x2, y1y2) = 1
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The joint distribution over (x,y) 
paths can be easily sampled from 
left to right.
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Approximating the backward algorithm with 
a right-to-left RNN
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which is too expensive to compute by 
summing over all paths.

We approximate p(y | x)
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We then use  importance reweighting to (mostly) correct for the approximation. 
This becomes accurate as the number of particles goes to infinity. We train Ht
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minimize the estimated KL-divergence between q and the true distribution p:

…

KL(p||q) + KL(q||p)
2

<latexit sha1_base64="x0UVjqpfnTdUKCP/TGGgqMLOKSM="></latexit><latexit sha1_base64="x0UVjqpfnTdUKCP/TGGgqMLOKSM="></latexit><latexit sha1_base64="x0UVjqpfnTdUKCP/TGGgqMLOKSM="></latexit><latexit sha1_base64="x0UVjqpfnTdUKCP/TGGgqMLOKSM="></latexit>

…

…

…

X
g +H3

<latexit sha1_base64="TJ/XkzXKuZpFVBKHyDVPhRlP6ew="></latexit><latexit sha1_base64="TJ/XkzXKuZpFVBKHyDVPhRlP6ew="></latexit><latexit sha1_base64="TJ/XkzXKuZpFVBKHyDVPhRlP6ew="></latexit><latexit sha1_base64="TJ/XkzXKuZpFVBKHyDVPhRlP6ew="></latexit>

Tony

Hi, I built a fancy globally normalized neural model that is more powerful than CRFs! 

!

But oops, dynamic programming doesn’t work anymore 

"

— How will I compute my gradient for training?
— How will I figure out what my model predicts (conditioned on evidence)?
— How will I combine my model with other probability distributions?

I guess I can sample from p(y | x)
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I know that p(y | x) = p̃(x,y)P
y0 p̃(x,y0)
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#

Can this describe a model more powerful than CRFs?

Quiz question: CRF is to dynamic programming 
as RNN is to …?

g(st-1, xt, yt) =

Sampling and weight updating steps in particle smoothing
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Justifying the neural approximation of dynamic programming
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If the model were an HMM emitting (xt, yt)
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and would be updated linearly at each t.  
(Updates are deterministic because these are belief states, i.e., distributions over states.)
Our RNN is trying to approximate some 10000000-dimensional (?) HMM using only a 50-dimensional vector.
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The deterministic update in that coordinate space becomes nonlinear.

high-dimensional linear function low-dimensional nonlinear function

neural approximation

kernel method
(not us)

Could I sample “greedily” left to right?  Why or why not?

normalized forward probabilities:

normalized backward probabilities:
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left-to-right RNN:

s̄t = f̄�(s̄t+1, xt+1)
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right-to-left RNN:

s̄t =
P xt+1 s̄t+1

1>P xt+1 s̄t+1
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Experiments
We evaluate how good our sampler is by evaluating how similar its distribution is to the true distribution, in terms of KL-
divergence. We experiment on two different model formulations, and three tasks:
— English stressed syllable prediction
     
— Chinese social media NER

— Source separation 

The particle smoothing samplers (PS/PS:R) consistently perform better than particle filtering baselines (PF/PF:R). 

(a) tagging: stressed syllables (b) tagging: Chinese NER (c) source separation: PTB (d) source separation: CMUdict

Figure 2: Offset KL divergences for the tasks in §§ 6.1 and 6.2. The logarithmic x-axis is the size of particles M (8  M  128).
The y-axis is the offset KL divergence described in §7.1 (in bits per sequence). The smoothing samplers offer considerable speedup:
for example, in Figure 2a, the non-resampled smoothing sampler achieves comparable offset KL divergences with only 1/4 as many
particles as its filtering counterparts. Abbreviations in the legend: PF=particle filtering. PS=particle smoothing. BEAM=beam
search. ‘:R’ suffixes indicate resampled variants. For readability, beam search results are omitted from Figure 2d, but appear in
Figure 3 of the appendices.

Given a fixed ensemble size, we see the smooth-
ing sampler consistently performs better than the
filtering counterpart. It often achieves comparable
performance at a fraction of the ensemble size.

Beam search on the other hand falls behind on
three tasks: stress prediction and the two source
separation tasks. It does perform better than the
stochastic methods on the Chinese NER task, but
only at small beam sizes. Varying the beam size
barely affects performance at all, across all tasks.
This suggests that beam search is unable to explore
the hypothesis space well.

We experiment with resampling for both the parti-
cle filtering sampler and our smoothing sampler. In
source separation and stressed syllable prediction,
where the right context contains critical information
about how viable a particle is, resampling helps par-
ticle filtering almost catch up to particle smoothing.
Particle smoothing itself is not further improved by
resampling, presumably because its effective sam-
ple size is high. The goal of resampling is to kill
off low-weight particles (which were overproposed)
and reallocate their resources to higher-weight ones.
But with particle smoothing, there are fewer low-
weight particles, so the benefit of resampling may be
outweighted by its cost (namely, increased variance).

8 Related Work

Much previous work has employed sequential im-
portance sampling for approximate inference of in-
tractable distributions (e.g., Thrun, 2000; Andrews
et al., 2017). Some of this work learns adaptive
proposal distributions in this setting (e.g. Gu et al.,
2015; Paige and Wood, 2016). The key difference
in our work is that we consider future inputs, which
is impossible in online decision settings such as
robotics. Klaas et al. (2006) did do particle smooth-
ing, like us, but they did not learn adaptive proposal
distributions.

Just as we use a right-to-left RNN to guide pos-
terior sampling of a left-to-right generative model,
Krishnan et al. (2017) employed a right-to-left RNN
to guide posterior marginal inference in the same
sort of model. Serdyuk et al. (2018) used a right-to-
left RNN to regularize training of such a model.

9 Conclusion

We have described neural particle smoothing, a se-
quential Monte Carlo method for approximate sam-
pling from the posterior of incremental neural scor-
ing models. Sequential importance sampling has
arguably been underused in the natural language pro-
cessing community. It is quite a plausible strategy
for dealing with rich, globally normalized probabil-
ity models such as neural models—particularly if a
good sequential proposal distribution can be found.
Our contribution is a neural proposal distribution,
which goes beyond particle filtering in that it uses a
right-to-left recurrent neural network to “look ahead”
to future symbols of x when proposing each symbol
yt. The form of our distribution is well-motivated.

There are many possible extensions to the work in
this paper. For example, we can learn the generative
model and proposal distribution jointly; we can also
infuse them with hand-crafted structure, or use more
deeply stacked architectures; and we can try training
the proposal distribution end-to-end (footnote 10).
Another possible extension would be to allow each
step of q to propose a sequence of actions, effectively
making the tagset size 1. This extension relaxes
our |y| = |x| restriction from §1 and would allow
us to do general sequence-to-sequence transduction.

Acknowledgements

This work has been generously supported by a
Google Faculty Research Award and by Grant No.
1718846 from the National Science Foundation.

(a) tagging: stressed syllables (b) tagging: Chinese NER (c) source separation: PTB (d) source separation: CMUdict

Figure 2: Offset KL divergences for the tasks in §§ 6.1 and 6.2. The logarithmic x-axis is the size of particles M (8  M  128).
The y-axis is the offset KL divergence described in §7.1 (in bits per sequence). The smoothing samplers offer considerable speedup:
for example, in Figure 2a, the non-resampled smoothing sampler achieves comparable offset KL divergences with only 1/4 as many
particles as its filtering counterparts. Abbreviations in the legend: PF=particle filtering. PS=particle smoothing. BEAM=beam
search. ‘:R’ suffixes indicate resampled variants. For readability, beam search results are omitted from Figure 2d, but appear in
Figure 3 of the appendices.

Given a fixed ensemble size, we see the smooth-
ing sampler consistently performs better than the
filtering counterpart. It often achieves comparable
performance at a fraction of the ensemble size.

Beam search on the other hand falls behind on
three tasks: stress prediction and the two source
separation tasks. It does perform better than the
stochastic methods on the Chinese NER task, but
only at small beam sizes. Varying the beam size
barely affects performance at all, across all tasks.
This suggests that beam search is unable to explore
the hypothesis space well.

We experiment with resampling for both the parti-
cle filtering sampler and our smoothing sampler. In
source separation and stressed syllable prediction,
where the right context contains critical information
about how viable a particle is, resampling helps par-
ticle filtering almost catch up to particle smoothing.
Particle smoothing itself is not further improved by
resampling, presumably because its effective sam-
ple size is high. The goal of resampling is to kill
off low-weight particles (which were overproposed)
and reallocate their resources to higher-weight ones.
But with particle smoothing, there are fewer low-
weight particles, so the benefit of resampling may be
outweighted by its cost (namely, increased variance).

8 Related Work

Much previous work has employed sequential im-
portance sampling for approximate inference of in-
tractable distributions (e.g., Thrun, 2000; Andrews
et al., 2017). Some of this work learns adaptive
proposal distributions in this setting (e.g. Gu et al.,
2015; Paige and Wood, 2016). The key difference
in our work is that we consider future inputs, which
is impossible in online decision settings such as
robotics. Klaas et al. (2006) did do particle smooth-
ing, like us, but they did not learn adaptive proposal
distributions.

Just as we use a right-to-left RNN to guide pos-
terior sampling of a left-to-right generative model,
Krishnan et al. (2017) employed a right-to-left RNN
to guide posterior marginal inference in the same
sort of model. Serdyuk et al. (2018) used a right-to-
left RNN to regularize training of such a model.

9 Conclusion

We have described neural particle smoothing, a se-
quential Monte Carlo method for approximate sam-
pling from the posterior of incremental neural scor-
ing models. Sequential importance sampling has
arguably been underused in the natural language pro-
cessing community. It is quite a plausible strategy
for dealing with rich, globally normalized probabil-
ity models such as neural models—particularly if a
good sequential proposal distribution can be found.
Our contribution is a neural proposal distribution,
which goes beyond particle filtering in that it uses a
right-to-left recurrent neural network to “look ahead”
to future symbols of x when proposing each symbol
yt. The form of our distribution is well-motivated.

There are many possible extensions to the work in
this paper. For example, we can learn the generative
model and proposal distribution jointly; we can also
infuse them with hand-crafted structure, or use more
deeply stacked architectures; and we can try training
the proposal distribution end-to-end (footnote 10).
Another possible extension would be to allow each
step of q to propose a sequence of actions, effectively
making the tagset size 1. This extension relaxes
our |y| = |x| restriction from §1 and would allow
us to do general sequence-to-sequence transduction.

Acknowledgements

This work has been generously supported by a
Google Faculty Research Award and by Grant No.
1718846 from the National Science Foundation.

‘best effort’ lower bound of KL(q||p). 
Lower value ⇒ our sampling 
distribution better approximates the 
true posterior p(y|x).
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approximate each distribution 
p(y | x).
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