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Abstract

This note reviews the ASRU 2015 paper by Snyder, Garcia-Romero and Povey, which studies the
use of a time-delay deep neural network (TDNN) as the universal background model of an i-vector
speaker-recognition system. After recalling the i-vector / UBM / PLDA paradigm, I describe the
research questions, the methodology and the computational model (the multisplice TDNN and a
supervised Gaussian mixture model distilled from its posteriors), report the main results on NIST
SRE10, and discuss the strengths and limitations of the work. The TDNN-based background model
obtains the best reported equal error rate on the task, but at a large posterior-computation cost, while
the supervised mixture recovers a substantial part of the gain at the speed of a classical mixture
model.

1 Introduction

This paper addresses speaker recognition, the task of deciding whether two utterances were spoken by
the same person. At the time of writing (2015), the dominant approach combined an i-vector front-end
with a Probabilistic Linear Discriminant Analysis (PLDA) back-end. Within this pipeline a Universal
Background Model (UBM) assigns every acoustic frame to a region of the acoustic space and collects
the sufficient statistics from which a compact, fixed-length representation of the utterance, the i-vector,
is extracted. Historically the UBM was an unsupervised Gaussian Mixture Model (GMM). The authors
build on a more recent idea: replacing the GMM by a Deep Neural Network (DNN) trained as the
acoustic model of an Automatic Speech Recognition (ASR) system, so that the frame-to-component
alignment becomes phonetic. Frames are then aligned to senones (tied triphone states) rather than to an
arbitrary acoustic partition.

The specific contribution is to use a Time-Delay Deep Neural Network (TDNN), an architecture
that had recently obtained strong results in large vocabulary continuous speech recognition (LVCSR),
as the statistics extractor, and to measure both its accuracy and its computational cost. As a practical
by-product the authors also study a cheap supervised GMM distilled from the TDNN posteriors, which
keeps the speed of a classical GMM while inheriting part of the phonetic alignment.

2 Research questions and hypothesis

The work can be read as answering three connected questions. First, accuracy: does a TDNN, which
models long temporal context efficiently and reaches low word error rates (WER) in ASR, also improve
speaker recognition when it replaces a strong unsupervised full-covariance GMM-UBM as the statistics
extractor of an i-vector system? Second, cost: what is the real computational price of computing DNN
posteriors at i-vector extraction time, and is the DNN system practical for real-time or resource-limited
deployment when no GPU is available? Third, a lightweight alternative: can a supervised GMM, whose
component alignment is initialised from DNN posteriors and which normally plays only an auxiliary
role, be promoted to the role of UBM and recover part of the accuracy gain at GMM speed?
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Underlying all three is a hypothesis inherited from prior work, namely that gains in ASR quality
(lower WER) transfer to speaker recognition through a better, phonetically meaningful alignment of
frames.

3 Background: the i-vector / UBM / PLDA paradigm

To appreciate the contribution it helps to recall the standard pipeline. The UBM, a model of speech in
general, defines a set of components k. For a given utterance and every frame, the system computes
the posterior responsibility that component k is active and accumulates zeroth-order and first-order
Baum-Welch statistics (occupation counts and feature sums). These statistics are projected by a low-rank
total variability matrix T onto a single low-dimensional vector, the i-vector (600 dimensions here), that
summarises the whole utterance. The i-vectors are centred, length-normalised and compared by a PLDA
back-end, which models between-speaker and within-speaker variability (covariance matrices Γ and Λ)
and outputs a verification score.

The only role of the UBM in this chain is therefore to produce the frame-level posteriors used to gather
statistics. The central idea of DNN-based systems is to obtain those posteriors from a network whose
output units are senones, so that the same phonetic event is aligned consistently across utterances and
across speakers. The authors argue that the advantage of the DNN may come precisely from modelling
phonetic content rather than an arbitrary acoustic space.

4 Methodology and computational model

4.1 Three background models, one back-end

The paper compares three UBMs inside an otherwise identical i-vector / PLDA pipeline: an unsupervised
GMM-UBM (the baseline), a supervised GMM-UBM, and a TDNN-UBM. The i-vector dimension (600),
the total variability training and the PLDA back-end are kept fixed, so any difference in performance can
be attributed to how the posteriors are computed. This makes the comparison clean and the conclusions
credible.

4.2 The TDNN

The acoustic model is the multisplice TDNN that was the recommended Kaldi recipe for LVCSR. Its
defining property is a sub-sampled, growing temporal context: the first layer sees only a narrow window,
while deeper layers receive progressively wider context, so that high layers can model long temporal
dependencies at a controlled computational cost. The input features are 40 MFCCs without cepstral
truncation (equivalent to filterbanks but more compressible), computed on 25 ms frames, with cepstral
mean subtraction over a 6 s window. The network has six layers: at the input, frames [t −2, t +2] are
spliced, and at layers 1, 3 and 4 the frames {t −2, t +1}, {t −3, t +3} and {t −7, t +2} are spliced,
giving a total left context of 13 and a right context of 9 frames. The hidden layers use the p-norm (p = 2)
activation, with input dimension 350 and output dimension 3500, and the softmax output layer produces
posteriors over 5297 triphone states (senones); no fMLLR or i-vector speaker adaptation is used. The
network is trained on about 1800 hours of the English part of the Fisher corpus. At i-vector extraction
time, these senone posteriors play the role that GMM responsibilities play in the baseline.

4.3 The supervised GMM

The supervised GMM (sup-GMM) keeps GMM speed while inheriting the TDNN phonetic alignment.
The TDNN is run over the training data to produce senone posteriors, and a full-covariance GMM with
one component per senone (5297 components) is initialised in closed form from those posteriors and
from the speaker-recognition features. Writing z(i)k = Pr(k | yi,Θ) for the posterior of senone k at frame i
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Table 1. Pooled results on SRE10 extended condition 5. GI and GD denote the gender-independent and gender-
dependent set-ups; lower is better for every column.

System EER GI (%) EER GD (%) DCF (10−2) GI DCF (10−3) GI

GMM-5297 (baseline) 2.42 2.00 0.290 0.484
Sup-GMM-5297 1.94 1.65 0.213 0.388
TDNN-5297 1.20 1.09 0.123 0.216

given the DNN features yi and parameters Θ, and xi for the corresponding speaker-recognition feature
vector, the weights, means and covariances are

wk =
N

∑
i=1

z(i)k , µk =
1

wk

N

∑
i=1

z(i)k xi,

Sk =
1

wk

N

∑
i=1

z(i)k (xi −µk)(xi −µk)
⊤.

The sup-GMM differs from the baseline GMM only in how it is trained; once built it is used exactly
like an ordinary GMM-UBM. Unlike the diagonal supervised GMM of earlier work, this one is full-
covariance, which the authors argue preserves modelling capacity. In the TDNN system the sup-GMM is
used only to initialise the i-vector extractor and then plays no further role.

4.4 Front-end and a voice-activity detail

The speaker-recognition front-end, shared by all three systems, consists of 20 MFCCs (25 ms frames,
3 s mean normalisation) augmented with delta and acceleration coefficients to form 60-dimensional
vectors, with energy-based voice activity detection (VAD) to discard non-speech frames. A noteworthy
implementation detail is that, for the TDNN, the non-speech frames cannot simply be removed from the
network input, because that would break the temporal context on which the TDNN relies. Instead the
VAD decisions are reused afterwards to discard the posteriors of non-speech frames.

4.5 Data and evaluation

The UBM and the total variability matrix are trained on Switchboard (1962 speakers, 20905 utterances)
and pre-2010 NIST SRE data (3805 speakers, 36614 utterances); the PLDA back-end is trained only
on SRE to obtain an in-domain system. Evaluation uses the extended condition 5 of NIST SRE10
(conversational telephone speech), with 416119 trials of which more than 98% are non-target. Three
operating points are reported: the equal error rate (EER) and the normalised detection cost function
(DCF) at target priors of 10−2 and 10−3, for both gender-independent (GI) and gender-dependent (GD)
set-ups. Everything is implemented in Kaldi and released as the SRE10 example recipe.

5 Results

The two DNN-derived systems clearly outperform the unsupervised baseline. With GMM-5297 chosen
as the primary baseline (the number of GMM components, 2048, 4096 or 5297, barely affects the
baseline), the main pooled figures are reported in Table 1. The TDNN-UBM reaches 1.20% EER (gender-
independent) and 1.09% (gender-dependent), described by the authors as the best published result on
this task at the time. Across the three operating points and both set-ups, the relative improvement over
the baseline is large for the TDNN (about 48% to 58%) and meaningful for the sup-GMM (about 14%
to 27%). Earlier supervised GMMs had failed to help on their own; the authors attribute their success to
the full-covariance modelling and to the quality of the underlying TDNN.
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Table 2. CPU time per stage as a percentage of utterance length (real-time factor). A value above 100% means
slower than real time.

System Feature (%) Posteriors (%) i-vector (%)

GMM-2048 1.01 1.68 2.28
GMM-5297 (baseline) 1.03 3.44 5.01
Sup-GMM-5297 1.02 3.46 5.44
TDNN-5297 2.15 128.02 5.77

A second contribution is a careful accounting of computational cost. Using total CPU time (user plus
system) over ten five-minute utterances, the authors report real-time factors, expressed as percentages of
the utterance length, for each pipeline stage (Table 2). The GMM systems run at least ten times faster
than real time on CPU. The TDNN, however, spends the overwhelming majority of its time computing
posteriors: that stage alone is about 128% of real time, more than ten times slower than the sup-GMM
at 3.46%, which makes the whole CPU pipeline slower than real time. In practice the posterior matrix
multiplications would be moved to a GPU to recover real-time performance, but the CPU comparison is
precisely what exposes the underlying computational load. The sup-GMM keeps essentially GMM-level
speed while recovering part of the accuracy gain, which constitutes the practical contribution of the
paper.

6 Strengths

Controlled comparison. Freezing the i-vector dimension, the total variability training and the PLDA
back-end isolates the effect of the posterior model, so the reported gains can be attributed to the change
of background model rather than to tuning elsewhere.

State-of-the-art and reproducible. The system reaches the best EER on a standard benchmark
(SRE10 C5), and the complete recipe is released in Kaldi, which makes the results reproducible and
directly usable by the community.

Explicit cost analysis. Beyond accuracy, the paper quantifies the cost of computing DNN posteriors
and shows that the TDNN system is slower than real time on CPU. Such measurements are rarely
reported and are directly useful for deployment decisions.

A practical middle ground. Promoting the supervised GMM to the role of UBM yields a system
almost as cheap as the classical GMM yet noticeably more accurate, and the authors explain why their
variant succeeds where earlier supervised GMMs did not, namely full covariance and the quality of the
underlying TDNN.

Careful engineering. Reusing the VAD decisions to filter posteriors, rather than removing frames from
the TDNN input, preserves the temporal context on which the network depends, and reflects attention to
the interaction between context modelling and frame selection.

7 Limitations

Narrow evaluation. Results are limited to SRE10 extended condition 5, that is, clean conversational
telephone speech. No noisy, reverberant, short-duration or channel-mismatched conditions are tested,
so the robustness of the improvement is unknown. The telephone-only setting also matches the TDNN
training domain (Fisher), which may favour the DNN system.
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Heavy supervision. The TDNN requires a large transcribed ASR corpus (about 1800 hours of Fisher)
and a senone inventory. The method is therefore language-dependent and difficult to transfer to settings
without such resources, a dependency the paper does not discuss.

Partial cost picture. The timing is CPU-only, and the actual solution (GPU posterior computation)
is mentioned but not measured. Memory footprint, TDNN training cost and end-to-end latency are not
reported, so the lightweight claim holds only relative to the DNN, not in absolute terms.

Limited novelty. DNN-UBM i-vector systems already existed; the main change is substituting a TDNN
and re-evaluating, and the supervised-GMM idea is refined rather than introduced. The contribution is
solid but incremental.

No ablations or significance tests. The paper does not isolate which TDNN properties (context width,
p-norm, number of senones) drive the improvement, and reports no confidence intervals on EER or DCF,
so the stability of the differences is hard to assess.

Superseded shortly after. Within a few years the field moved to discriminative neural embeddings
(x-vectors, from the same laboratory), which largely replaced the i-vector / UBM pipeline. The paper is
best seen as a strong late contribution to the i-vector era rather than a lasting architecture.

8 Conclusion

The lasting interest of this paper lies less in the headline EER than in the trade-off it makes explicit:
the TDNN-UBM achieves the best accuracy but is dominated by an expensive posterior computation,
whereas a supervised full-covariance GMM distilled from the same TDNN recovers a substantial share
of the gain at classical-GMM speed. The study is convincing because the pipeline is tightly controlled
and the cost is reported honestly, but its scope is limited by a single clean benchmark, heavy supervision,
and the absence of ablations or significance testing. Read today, it marks the end of the i-vector era, just
before neural embeddings became dominant, and it illustrates two durable points: phonetically informed,
ASR-driven alignment improved classical speaker recognition, and a cheaper GMM-based extractor can
remain preferable to a more accurate but costlier neural one.

5


	Introduction
	Research questions and hypothesis
	Background: the i-vector / UBM / PLDA paradigm
	Methodology and computational model
	Three background models, one back-end
	The TDNN
	The supervised GMM
	Front-end and a voice-activity detail
	Data and evaluation

	Results
	Strengths
	Limitations
	Conclusion

