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Abstract

A capacity to recognize speech offline eliminates privacy
concerns and the need for an internet connection. Despite ef-
forts to reduce the memory demands of speech recognition sys-
tems, these demands remain formidable and thus popular tools
such as Kaldi run best via cloud computing. The key bottleneck
arises form the fact that a bedrock of such tools, the Viterbi
algorithm, requires memory that grows linearly with utterance
length even when contained via beam search. A recent recast-
ing of the Viterbi algorithm, SIEVE, eliminates the path length
factor from space complexity, but with a significant practical
runtime overhead. In this paper, we develop a variant of SIEVE
that lessens this runtime overhead via beam search, retains the
decoding quality of standard beam search, and waives its lin-
early growing memory bottleneck. This space-complexity re-
duction is orthogonal to decoding quality and complementary
to memory savings in model representation and training.

Index Terms: speech recognition, memory efficient algorithms

1. Introduction

Decoding in speech recognition finds the sequence of states in
a model — Hidden Markov Model (HMM) or Weighted Finite
State Transducer (WFST) — that best explains a signal [1, 2].

The standard algorithm for this task is the Viterbi algorithm,
formulated in terms of dynamic programming (DP) [3] or token
passing [4]. Its memory requirements grow linearly with both
the length of the observation sequence (i.e., acoustic signal) and
number of states, hindering its use in devices with hard memory
constrains [5]. However, it is nowadays necessary to perform
speech recognition locally in limited-memory devices, such as
smartphones or Raspberry Pis, while avoiding cuambersome data
transfers that introduce latency and raise privacy issues.

A recently introduced paradigm, SIEVE (Space Efficient
Viterbi) [6], reformulates Viterbi decoding to eliminate the lin-
ear memory dependence in the observation sequence length.
However, this space efficiency comes with a significant runtime
overhead, while it is unclear whether this reformulation also ap-
plies to the token-passing and beam-search instances of Viterbi
decoding. In this paper, we advance the main idea underly-
ing the SIEVE paradigm to those instances of Viterbi decoding,
and thereby achieve space efficiency with a reduced runtime
overhead. Figure 1 illustrates the kind of space-efficiency ad-
vantage our work brings; while other works merely reduce the
memory for model representation and number of states, hence
the size of inputs such as initial probability vector m, transi-
tion probability matrix A, and emission probability matrix B,
we reduce the working space complexity of the decoding al-
gorithm by completely eliminating the dependence of the dy-
namic programming array 7 on the length of the decoded se-

quence. We support this claim with results that show a differ-
ence of one to three orders of magnitude in memory require-
ments between SIEVE variants and the state-of-the-art Kaldi
toolkit [7]. The beam-search variant of SIEVE achieves run-
time competitive with Kaldi, while consuming over 700 times
less memory, and produces exactly the same result as standard
beam search, as it only alters the algorithm to judiciously re-
compute tokens instead of storing them. We argue that bring-
ing the SIEVE paradigm into Kaldi would be an important step
towards cloud-independent speech recognition, shaping future
smart environments.
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Figure 1: Prior works reduce memory for model representation,
illustrated by white areas; we reduce working-space memory
used for decoding in a manner orthogonal fo model representa-
tion, other memory savings, and decoding quality.

2. Background and related work

A Hidden Markov Model (HMM) [8], used to recover the finite
set of hidden states that generated a sequence of observations,
is described by the triplet (7, A, B), where 7 is the initial prob-
ability distribution over hidden states, elements of A are transi-
tion probabilities between states, and elements of B are proba-
bilities of emitting an observation from a hidden state. Proba-
bilities in B may be discrete or continuous and are traditionally
described by a Gaussian Mixture Model or by a Deep Neural
Network [9]. We henceforth consider the directed graph G de-
fined by transitions A and we use such graph-theoretic notions
as predecessor and successor nodes (i.e., states).

2.1. HMM-based decoding

HMM-based speech recognition calls to find, given a sequence
of observations Y = {y1, y2, . . ., yr }, the sequence of hidden

states @Q = {s1, $2, . .., s7} that maximizes the probability:
T
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where s; and y; denote the i-th hidden state and observation,
respectively. For computational convenience, we replace prod-
ucts of probabilities with equivalent sums of log-probabilities.
States correspond to phonemes and, to capture context, there are
typically three states per phoneme. Phoneme-specific HMMs



are composed and embedded into a large Weighted Finite-State
Transducer (WFST) [10]. Some states are non-emitting, i.e.,
associated with transition probabilities but not with emission
probabilities. Observations arise from a speech recording in 10—
30 ms intervals and comprise spectral energy measurements (or
variants) in selected frequency bands [11].

2.2. Viterbi algorithm

The Viterbi decoding algorithm [3] finds the most likely path
of hidden states in an HMM given a sequence of observations.
In a forward pass, the algorithm populates two DP tables, stor-
ing the log-likelihood and the predecessor associated with the
most likely path ending at each state for each frame. The for-
mer table is used to identify the most likely path upon reaching
the final frame, and the latter to reconstruct the optimal path
by backtracking. Both tables have size O(KT), where K is
the number of hidden states and 7" is the number of frames
(i.e., the observation sequence length), hence space complex-
ity is O(KT). Time complexity is O(K?>T), or, by an edge-
aware implementation, O((K + |E|)T), where |E| is the num-
ber of edges in G. The deficiency of space complexity in the
Viterbi algorithm, and decoding algorithms for speech recogni-
tion in general, has received scant attention, hindering locally
performed speech recognition in constrained-memory devices.
Speech recognition practitioners utilize cloud computing to re-
solve the problem. Still, cloud computing necessitates data
transfer, which may be undesirable when one is interested to
perform speech recognition while not connected to the internet
or when one may not want to share sensitive data. A prelim-
inary attempt to reduce space complexity in Viterbi decoding,
Checkpoint Viterbi [12], stores the values in a subset of (by de-
fault) v/T" equidistant rows, or checkpoints, of the DP table in
a forward pass and locally recomputes the Viterbi path between
checkpoints, reducing space complexity to O(K+/T).

2.3. Token passing

One formulation of the Viterbi algorithm follows token pass-
ing [4]; thereby, at time ¢, each state s; holds a foken, which
stores the optimal log-likelihood of a path ending at state s;
at frame ¢, and passes it to each of its outgoing connected
states s;, increasing the log-likelihood score by the associ-
ated edge transition log-likelihood log A, s; and emission log-
likelihood log Bs, 4, , if s; is an emitting state. In the last time
frame, we retrieve the state associated with the highest log-
likelihood, which is the last state in the optimal Viterbi path.
To reconstruct the path followed up to the last state, we need
to augment basic tokens with the list of words (or states) that a
path goes through, using a considerable amount of memory.

2.4. Beam search

Token passing allows to prune, at any frame, tokens deemed to
be unlikely to lead to the optimal path, judging from their cur-
rent log-likelihood; thereby, we forfeit optimality for the sake of
efficiency. A beam width parameter B specifies the number of
tokens to preserve in each frame. By such beam search [13], the
time complexity for decoding becomes O(BKT'), or O((B +
|E|)T) in the edge-aware case. To store tokens per frame, a
priority queue of the top B tokens needs O(BT') space, whereas
storing all generated tokens takes O(KT') space. While beam-
search decoding has been extensively studied [14, 15, 16], its
memory usage has never undergone a thorough investigation.

2.5. Kaldi

Beam search decoding and token passing are implemented in
Kaldi [7], a widely adopted speech recognition toolkit written
in C++. Kaldi utilizes a decoding graph, represented as a WFST
combining a grammar model, a lexicon, context-dependencies,
and HMM definitions. Kaldi progressively propagates tokens
from one frame to the next along the edges of the decoding
graph and across states, which may be emitting or non-emitting;
each token is associated with a set of links, used to reconstruct
the path corresponding to a hypothesis for decoding the utter-
ance. Kaldi prunes tokens whose log-likelihood differ more
than a user-specified threshold 6 from the current optimum in
each frame. Kaldi also implements a decoding algorithm gen-
erating a lattice of paths that are alternative transcriptions of an
utterance rather than a single path. Unlike the Viterbi algorithm,
Kaldi beam search is not guaranteed to retrieve an optimal path;
it focuses on quickly finding a set of highly likely hypotheses.

2.6. SIEVE

SIEVE is a space-efficient reformulation of Viterbi decoding
recently developed [6]; it discards and recomputes parts of the
DP solution for the sake of space efficiency, adopting a divide-
and-conquer algorithmic design that has been also used in the
context of data summarization [17, 18].

In a nutshell, SIEVE runs the forward pass of the Viterbi
algorithm without storing the dynamic programming tables,
but keeps in memory only the log-likelihood values associ-
ated with the current and previous frame. At the same time,
it identifies, for each path, a median pair of states, defined
as a pair of consecutive states s,,— and s,,,+ along the path,
which minimize the maximum among the number of predeces-
sors of s,,— and the number of successors of s,,,+ in the transi-
tion graph G'; we obtain counts of predecessors and successors
in a pre-processing stage. When the forward pass terminates,
we access the median pair associated with the optimal Viterbi
path. To find the remaining edges in such optimal path, we re-
cursively perform forward passes and identify new medians in
the predecessors of s,,— and successors of s,,+. Apart from
numbers of predecessors and successors, SIEVE also stores the
number of observations [V, that lie in the optimal Viterbi path
before the median pair, from which it derives the number Ny
of observations after the median pair, which it uses to prune,
via breadth-first search, states that are not reachable from s,,, -
in N, hops and from s,,,+ in N, hops. When the recursion ter-
minates, the set of retrieved median pairs reconstructs the entire
optimal Viterbi path. Under the assumption of an acyclic G,
SIEVE achieves space complexity O(K) and time complex-
ity O (X5 2" (£)°T) = 0 (L8 577) = (K™ T),
i.e., the same as the standard Viterbi algorithm. The presence of
small, highly localized cycles that are typically found in speech
recognition applications does not bear a significant impact on
the performance of SIEVE. However, in the worst case, in pres-
ence of cycles, time complexity rises to O(K2T?).

A different theoretical result holds for general topologies
of G by a different application of the SIEVE paradigm, SIEVE-
Middlepath, which we present next.

2.7. SIEVE-Middlepath

SIEVE-Middlepath uses a middle pair of states, which divide
the observation sequence into two halves, in place of the me-
dian pairs as defined in Section 3. Thereby it divides, in each



level of the recursion, the optimal Viterbi path, rather than the
entire state space, in two parts of length at most 7 /2. The space
complexity of SIEVE-Middlepath is O(K), while its time com-
plexity is O(K?T log T'), regardless of the topology of G. In
practice, SIEVE-Middlepath is less memory-demanding than
SIEVE as it requires neither counts of predecessors and succes-
sors, nor numbers of observations before a middle pair. Further-
more, as we will see in Section 3.2, SIEVE-Middlepath confers
an even higher advantage when combined with beam search.

2.8. Orthogonal efforts for space efficiency

Several prior works strive for space-efficient speech recogni-
tion on low-memory devices [19] in ways orthogonal to our
work. Such works contain codebook requirements [20, 21],
limit the search space when rescoring [22], quantize parame-
ters [23, 24, 25], eliminate intermediate steps when construct-
ing a decoding graph [26], trim less likely unigram graphones
during training [27], avoid fully expanding the transducer dur-
ing modeling [28], prospectively control the beam width [29],
reduce the word embedding matrix [30], train fewer domain-
embedding parameters for adaptation to a domain [31], stabi-
lize the memory needed for training multi-step denoising mod-
els [32], avoid fetching weights from off-chip memory for each
input speech frame [33], and reduce the memory needed to com-
pute loss [34] and the vocabulary subset required [35] while
training RRN-Transducers. An open-source toolkit for low-
memory speech recognition is available [36]. Still, these efforts
either prune the decoding search space or contain the memory
footprint for model representation and training; they do not re-
duce the working space complexity of the decoding algorithm.
Thus, they are orthogonal and complementary to our work.

3. SIEVE with beam search

Here, we discuss extensions of the SIEVE paradigm to the token
passing model and beam search heuristic.

3.1. SIEVE-TP

Like the Viterbi algorithm, SIEVE is amenable to a token-
passing formulation. To attain a space-efficient reformulation
of token passing, we omit the costly list of words (or states)
stored within each token. Instead, we store in each token its
log-likelihood ¢, the corresponding median value m (i.e., max-
imum among the number of predecessors and successors), me-
dian pair m,p, and the number of observations n that precede
that median pair in the optimal path. The ensuing algorithm,
SIEVE Token Passing (for short, SIEVE-TP), shares the struc-
ture of standard SIEVE, the difference lying in that it performs
token passing instead of dynamic programming.

3.2. SIEVE-BS

Here, we integrate SIEVE-TP with beam search, which pre-
serves only the best B € Z' tokens in each frame and ex-
pands B paths to the next frame, yielding the SIEVE-Beam-
Search algorithm (for short, SIEVE-BS). In each frame, we de-
fine a set of 3 active states that hold tokens to be propagated
further. Algorithm 1 lists the pseudocode, assuming, for sim-
plicity, that all states are emitting and hold tokens in the first
frame; in practice, a single initial state may be active in the first
frame. We pre-compute the arrays N~ and N, which hold the
numbers of predecessors and successors of nodes in G. The al-
gorithm resembles SIEVE [6], with some cardinal differences.

First, it operates by token passing. Second, in each frame, it up-
dates the set of B3 active states holding the tokens of highest like-
lihood; by default we assemble that set in an O (K )-space one-
off partial-sorting operation before moving to the next frame
in Line 19, which we empirically found to strike a better time-
vs. space-efficiency tradeoff than maintaining an O(B)-space
priority queue of best tokens, as discussed in Section 2.4.

Algorithm 1 SIEVE-BS

Input lastSt, w, A, B,y, N~, NT, B, ActSt;

I: t + y.size(); k + m.size(); Tp < []; ActSt «+ {};

2: fori=1,...,kdo > initialization at first call only
3 Tpli] + Tok(f =+ By y, ,m = 00);

4:  ActSt.add(i); > store active states
5. for step = 2,...,tdo > main loop
6: 7’4:(*[], Mncw%{};

7. fori e ActSt do

8: for j € outNeighbours(i) do

9: L= Tpli] £+ As; s; + B ysreps
10: if 7c[j] = 0 then 7.[j] + Tok({ = —o0, m=00);
11: if £ > 7:[j].¢ then > new best path
12: To[j]-£ + €, m < max{N"[i], N*T[5]};
13: if m < Tp[i].m then > new median
14: Teljl-m < m; Te[j].m_p < (4,7);
15: Te[j]-n < step; Mpew.add(j);
16: else > inherited median
17: Te[§]-m<Tp[i].m; Te[g]-m_p«Tp[i].m_p;

18: Telgl-neTpli].n; Teljl.a<Tpli].a;

19:  ActSt«+ Partial Sort(Te, max{B, |{s|Tc[s]|£0}});
20:  Te[Mpew].as—ActSt; Ty + Te;

21: if lastSt = () then lastSt + arg max 7../;

22: Sy St — TellastSt].m_p; > extract median
23: N, < Te[lastSt].n; yp < y[: Npl;

24: ActStm, < Tc[lastSt).a;

25: if N, > 1 then > continue recursion in predecessors
26:  Spred < FIND-T-HOPPRED(S,,,—, Np); > BFS
27 Ap « Alspred]; Bp < Blspred]; Tp < T[Spred];

28:  update N~ [spred], N T [spred);

29:  SIEVE-BS(S,,—, Tp, Ap, Bp, yp, N~, NT, B, ActSt);
30: Ng 1t — Npsys < y[Ns s

31: print (s,,—, S+ );
32: if Ns > 1 then

> in-order print
> continue recursion in successors

33:  Ssuce  FIND-T-HOPSUCC(s,,,+, Ns); > BFS
34: As +— A[Ssucc]; B, + B[Ssucc];
35: ws[i=1,..., Ssuce.s1z€()|«——00; T[S+ ] < 0;

36:  update N [ssuce]s N1 [Ssucel:
37:  SIEVE-BS(lastSt, s, As, Bs,ys, N~, NT, B, ActSt.);

If we relax the requirement that SIEVE-BS returns the same
solution as standard beam search (BS), SIEVE-BS has space
complexity O(K) and, assuming acyclic G, time complex-
ity O(BKT). Yet to ensure that SIEVE-BS retrieves the same
solution as BS, we need to initialize each subproblem with the
set of active states (ActSt) BS has used. To that end, SIEVE-
BS stores in each token the set ActSt in the frame immediately
after the median. Unfortunately, this storage incurs space com-
plexity O(KB). On the other hand, the extension of SIEVE-
Middlepath to beam search (hereafter, SIEVE-BS-Mp) needs to
store a set of active states only for the frame at the middle of
the path, rather than in each token; the subsequent subproblem
always starts at that frame by the Middlepath solution; thus,
SIEVE-BS-Mp requires only O(K) space and O(BKT logT')
time for any decoding graph G, O((B + |E|)T logT) in the
edge-aware case, to retrieve the exact same solution as BS. In
effect, SIEVE-Middlepath adapts seamlessly to beam search
and therefore SIEVE-BS-Mp is preferable to SIEVE-BS.



3.3. SIEVE-Kaldi

Following up on SIEVE-TP and SIEVE-BS, we can extend the
SIEVE paradigm to confer space efficiency to the Kaldi beam
search algorithm. As with SIEVE-BS, the tokens should con-
tain the information concerning median pairs or middle pairs,
but no path information. Once the lattice-generating decoding
terminates, we obtain a set of high-probability tokens, and run
SIEVE-BS to reconstruct the path they went through. Thereby,
we sidestep storing links, Kaldi’s main memory bottleneck.
Further, to minimize the recomputation-related overhead of
SIEVE-Kaldi with respect to standard Kaldi, we may resort to
parallelization, multithreading and GPU accellerators.

4. Experiments

Here, we present an empirical comparison of SIEVE, SIEVE-
BS and Kaldi [7] in terms of memory requirements and execu-
tion time. Experiments ran on a 2x 10 CORE XEON E5 2680
v2 2.80 GHZ, 256 GB machine. Code is available' online.

Baselines. We compare SIEVE, SIEVE-BS, and their Mid-
dlepath (Mp) variants against (i) standard Viterbi, (ii) Check-
point Viterbi, described in Section 2.2, (iii) the Kaldi beam
search decoder, and (iv) a naive Beam Search (BS) method.

Data. We experimented with the Resource Management (RM)
corpora of digitized and transcribed speech [37]. We present
representative results on utterances of 7' = 250 and 7" = 866
frames. The decoding graph comprises K = 25,333 states
and 175, 428 edges. The experiment can be reproduced by run-
ning the example script’® provided by Kaldi until line 54, keep-
ing only the first and the longest utterance in the test data.

Metrics. We report runtime in seconds and memory use in
bytes (B) or megabytes (MB), reflecting the memory occupied
by all data structures used, without considering the memory for
the input data, common to all algorithms. For beam search
methods, we also report the relative error in log-likelihood,
obtained as n = M‘z”iﬂ, where {opr and ¢ are the log-
likelihoods of the optimal and beam search solution path, re-
spectively. We average results over ten post-warm-up runs.

Table 1: Comparison of resource requirements with T' = 250.

Algorithm | Runtime (s) | Peak Memory (MB)
Vanilla Viterbi 47.35 76.02
Checkpoint Viterbi 86.74 9.93
Kaldi 1.00 11.10
BS 0.19 1.00
SIEVE 164.83 1.87
SIEVE-Middlepath 121.10 1.01
SIEVE-BS 14.15 0.12
SIEVE-BS-Mp 1.18 0.01

Table 2: Comparison of resource requirements with T' = 866.

Algorithm | Runtime (s) | Peak Memory (MB)
Vanilla Viterbi 165.39 262.98
Checkpoint Viterbi 537.31 18.24
Kaldi 2.00 12.32
BS 0.56 2.36
SIEVE 682.64 1.87
SIEVE-Middlepath 460.86 1.01
SIEVE-BS 20.28 0.12
SIEVE-BS-Mp 4.65 0.01

lhttps ://github.com/beamsearchsieve/SIEVE-BS
2https ://github.com/kaldi-asr/kaldi/blob/master/
egs/rm/s5/run.sh

Results. Tables 1-2 show decoding memory requirements and
runtime. We use default parameters in Kaldi and 5 = 100 in
SIEVE-BS(-Mp). SIEVE-BS-Mp requires the smallest mem-
ory of all algorithms and time in the same order of magnitude
as Kaldi. SIEVE-BS uses more memory than SIEVE-BS-Mp,
as expected from the analysis (Section 3.2). SIEVE requires
over 100x more memory than SIEVE-BS-Mp and is slower
than SIEVE-BS(-Mp) and Kaldi. Still, it uses about 10 times
less memory than Kaldi. Vanilla Viterbi requires significantly
more memory than SIEVE, while Checkpoint Viterbi consumes
memory similar to Kaldi and runtime similar to SIEVE.
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Figure 2: Memory usage in decoding (log scale) with'T' = 250.

Figure 2 shows the memory consumption distribution for
decoding the utterance of T' = 250, over different frames for
Kaldi, recursive calls for SIEVE and SIEVE-Middlepath, and
both recursive calls and frames for SIEVE-BS variants. Other
baselines consume constant memory.
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Figure 3: Rutime vs. B (log scale) with T = 250.

Figure 3 shows that, with the utterance of 7' = 250,
SIEVE-BS-Mp attains an apt tradeoff between runtime, mem-
ory use, and quality across values of B and yields optimal ac-
curacy using beam width in the order of 10 and memory in
the order of 10KB, 3 orders of magnitude lower than Kaldi.
We obtained similar results with other utterances; SIEVE-
BS-Mp thus combines correctness, time-efficiency, and space-
efficiency. We provide results on correctness to show that opti-
mal accuracy is feasible with beam search, for the sake of com-
pleteness; we stress that the space-efficiency we achieve is or-
thogonal to decoding quality; beam search by SIEVE achieves,
by design, the same decoding quality as standard beam search.

5. Conclusion

The SIEVE paradigm reduces the space complexity for Viterbi
decoding by eliminating its dependence in observation se-
quence length without a time-complexity overhead, yet with a
significant practical runtime overhead. To address this over-
head, we invented a beam-search variant of SIEVE, SIEVE-
BS-Mp, that drastically reduces the memory footprint of beam
search. We stress that this result is orthogonal to decoding qual-
ity and complementary to memory savings in model represen-
tation and training. Nonetheless, with sufficient beam width,
SIEVE-BS-Mp attains optimal decoding in runtime comparable
to Kaldi, a popular speech recognition toolkit; thus it heralds ef-
ficient local speech recognition in memory-constrained devices.
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