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Abstract
Real-time speech-to-speech (S2S) translation of lectures and
speeches require simultaneous translation with low latency
to continually engage the listeners. However, simultaneous
speech-to-speech translation systems have been predominantly
repurposing translation models that are typically trained for
consecutive translation without a motivated attempt to model
incrementality. Furthermore, the notion of translation is sim-
plified to translation plus simultaneity. In contrast, human in-
terpreters are able to perform simultaneous interpretation by
generating target speech incrementally with very low ear-voice
span by using a variety of strategies such as compression
(paraphrasing), incremental comprehension, and anticipation
through discourse inference and expectation of discourse redun-
dancies. Exploiting and modeling such phenomena can poten-
tially improve automatic real-time translation of speech. As a
first step, in this work we identify and present a systematic anal-
ysis of phenomena used by human interpreters to perform si-
multaneous interpretation and elucidate how it can be exploited
in a conventional simultaneous translation framework. We per-
form our study on a corpus of simultaneous interpretation of
Parliamentary speeches in English and Spanish. Specifically,
we present an empirical analysis of factors such as time con-
straint, redundancy and inference as evidenced in the simulta-
neous interpretation corpus.
Index Terms: simultaneous speech-to-speech translation, si-
multaneous interpretation, paraphrasing, time lag

1. Introduction
Voice translation based mobile applications are beginning to be
used routinely by a large population of real-world users. Speech
translation in such systems is typically either a single turn trans-
lation or in some rare cases a turn-segmented, multi-utterance
dialog interaction. In contrast, real-time translation of spoken
language input in monologues such as lectures, meetings and
speeches has received far less attention in the translation re-
search community. Unlike in dialog translation, human trans-
lators cannot afford to wait for the completion of an utterance
to translate. Thus, in simultaneous interpretation (SI), as op-
posed to consecutive translation, an interpreter plays the role
of receiver and sender concurrently with the main objective of
producing a fluent, faithful rendition of the source speech in the
target language with minimal delay. Human interpreters, in or-
der to minimize the delay, resort to a diverse set of strategies
which include: removing redundancies, anticipation through
discourse inference, compression (paraphrasing) and incremen-
tal comprehension.

Computational models for simultaneous translation that
were limited to speech-to-text translation have been addressed

in some projects (e.g., TC-STAR) in the past [1, 2, 3]. More re-
cently, the IWSLT evaluation campaign has included a track for
the offline speech translation of TED talks [4]. However, most
of the models were repurposing consecutive translation models
without a motivated attempt to model incrementality inherent in
simultaneous interpretation. Besides, these systems seldom ad-
dressed incremental speech production of the target language.
In this work, we perform a systemic study of the processes in-
volved in simultaneous interpretation and contrast it with a real-
time speech-to-speech (S2S) translation system. Our objective
is to understand the various inference, compression and antici-
pation techniques used by human interpreters in SI and develop
models for exploiting such strategies in conventional S2S trans-
lation systems.

First, we present an overview of some key strategies used in
simultaneous interpretation and motivate their potential use in
S2S translation. Second, we present an empirical analysis on si-
multaneous interpretation data in English-Spanish and Spanish-
English. We elucidate several strategies with a systematic anal-
ysis of the EPIC [5] corpus with respect to strategies such as
simultaneity, compression, hesitations and inference. We per-
form the investigation by aligning the speech on both sides with
corresponding text using speech recognition and subsequently
inducing a word-level alignment across the languages. To our
knowledge, this is the first large scale analysis of simultane-
ous speech interpretation data using automatic tools beyond the
work performed in [5, 6].

2. Theory of Simultaneous Interpretation
Simultaneous interpretation is an extremely complex process
where the interpreters use a wide range of cognitive, linguis-
tic and prosodic phenomena to facilitate an inferential mode
of communication. In contrast, state-of-the-art speech trans-
lation still focuses only on rendering the exact source lan-
guage content in the target language through appropriate lexical
choice and reordering. As a consequence, conventional transla-
tion methodologies for translating real-time conversation such
as talks and lectures introduce undesirable noise and latency,
thereby increasing the cognitive load on a target language par-
ticipant. In this section, we describe some key strategies used
by interpreters in SI that can potentially be used to improve real-
time automatic speech translation. A more comprehensive ac-
count of SI strategies can be found in [7].

2.1. Time Constraint

The central tenet of SI is that the interpreter is simultaneously
receiving and rendering the message from the source language
to the target language. There are two factors that control the
lag between the source and target speech. The simultaneous
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interpreter needs to keep the delay between a source language
chunk and its corresponding target language chunk minimal in
order to continually engage the listeners. Studies have shown
that this measure, known as ear-voice span [8], is about the av-
erage latency (4-5 seconds) that can be tolerated by a listener in
cross-lingual communication. Another factor that determines
the limit on the lag is the short-term memory capacity of the
interpreter. Empirical analysis of SI speeches indicate the reg-
istered spread for this lag to range from 200ms to 10 or 15
seconds [9] with longer lags being associated with losses and
errors. Regardless of the varying lag, interpreters have been ob-
served to maintain their own rate of speaking [7] which augurs
well for using text-to-speech (TTS) systems that typically ad-
here to a standard speech rate and have difficulty in dynamically
altering the speech rate.

It is clear that an automatic speech interpretation system
must be able to generate target hypotheses with low latency to
reduce the ear-voice span. However, machines can potentially
alleviate the short-term memory constraint in a significant man-
ner. Furthermore, if one were to keep the rate of target speech
synthesis using a TTS system more or less constant, the burden
of keeping up pace with the source language speaker in a S2S
system will be transferred to the source text segmentation and
machine translation components. One can use a variety of word
order and syntax based strategies to achieve such a constraint
in machine translation. For example, during translation from
English-Spanish, Spanish offers the syntactic flexibility of al-
lowing a direct object to open a neutral utterance; the unmarked
structure i.e. Subject – Verb – Direct Object – Indirect Object,
may be changed by placing any element in the initial position,
thus, promoting incrementality in translation.

2.2. Compression

Simultaneous interpreters use many strategies to compress the
source speaker’s message in order to satisfy the time constraint
property discussed previously. The compression can be in
terms of linguistic, syntactic or semantic content. Lexical com-
pression refers to the use of fewer words to express the same
idea and has been extensively studied as a paraphrasing prob-
lem [10, 11]. Syntactic compression results from choice of a
shorter construction than the original. Examples include break-
ing a sentence with involved clause structure into several sim-
pler sentences, using a prepositional phrase instead of a clause,
substituting a single word for a word combination, etc. Se-
mantic compression strategies consist of several means to mark
co-reference such as use of the same word throughout the dis-
course, or of its synonyms and paraphrases; shifting a word
component to a different part-of-speech; use of pro-forms for
semantically self-contained words (nouns, adjectives, verbs and
adverbs), etc.

Conventional machine translation systems typically do not
address any of the above compression techniques. It is conceiv-
able that some of these strategies are automatically learned dur-
ing the phrase table construction (in phrase-based translation).
However, almost all systems are completely faithful to the entire
source message and potentially generate verbose translations.

2.3. Linguistic and Cognitive Inference

Inference techniques can be considered complementary to com-
pression techniques. Simultaneous interpreters often use lin-
guistic inferences in establishing co-reference. For example,
in the extract “My delegation...we...we...members of the coun-
cil...we...we...”, the interpreter infers co-reference between the
pronoun we and noun phrase my delegation, until the occurrence

of members of the council. Interpreters also iterate semantic
components to form a coherent discourse. Cognitive inference
occurs when the interpreter uses his/her background knowledge
on the subject to add emphasis, contrast. Expansion of pronouns
to the original referents is also a common form of inference in
SI. For example, the interpreter may choose to replace we with
the original noun phrase in case it is used often.

While machines are still far from being able to perform
cognitive inference soundly, it is possible to perform linguis-
tic inference in speech translation. For instance, chunking the
source language text appropriately can help encapsulate con-
cepts within a semantically independent unit. Appropriate ex-
pansion of pronouns can also be performed in traditional trans-
lation to facilitate improved understanding.

2.4. Discourse context

Interpreters often use their memory of the conversation to gather
appropriate context, disambiguate and . It has been shown that
the maximum number of units that can be processed simul-
taneously in human memory is seven-plus-or-minus-two [12].
Within this span, the signal tends to weaken and disappears
within 30 seconds. Such a constraint does not exist in written
text translation.

Machines are much better at preserving this long term dis-
course context. However, current translation systems use con-
text mainly in terms of a n-gram window used in the language
model. To avoid sparsity, the phrases themselves are not context
dependent. Thus, exploiting the translation history through ap-
propriate models can offer significant improvement in the trans-
lation quality of long talks.

3. Simultaneous Interpretation Data
We use the European Parliamentary interpretation corpus
(EPIC) for performing our analysis. The EPIC corpus [5]
is a parallel corpus of European Parliamentary speeches and
their corresponding simultaneous interpretations. The source
speeches are either in English (81), Spanish (21) or Italian (17)
and each source speech is simultaneously interpreted in two
other languages. We extracted the audio from the video clips
of each source language speaker while the audio for the inter-
preted target speeches was already provided. The corpus also
contains the transcripts of all the speeches. The speeches are
also classified according to the style of delivery as read, im-
promptu and mixed. The English-Spanish portion contains 43,
24 and 14 speeches in the read, impromptu and mixed categories
while the Spanish-English portion is comprised of 9, 5 and 7
speeches in these categories.

As a first step in our analysis we forced aligned the En-
glish and Spanish speeches independently using generic acous-
tic models. The English acoustic model was trained on about
600 hours of TED talks while the Spanish acoustic model was
trained on close to 1000 hours of speech collected through
smartphones. Both the acoustic models were trained us-
ing minimum phone error (MPE) criterion using the AT&T
WATSONSM speech recognizer [13]. The resulting word align-
ments contained the start and end duration for each word as
well as silences (with duration). Subsequently, we aligned the
transcripts in the parallel speeches at the sentence level using
dynamic programming with an English-Spanish dictionary.

3.1. Inducing word alignment

In simultaneous interpretation, interpreters use a variety of tech-
niques to anticipate, compress and render the message in the
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target language. As a result, inducing word correspondence us-
ing automatic word alignment is quite difficult. Unlike parallel
text used in building word and phrase-based machine translation
models, SI texts maybe non-parallel and even non-comparable.
Hence, we used a custom algorithm for aligning the words
across the two languages. The matching was facilitated by a
dictionary obtained through automatic alignment [14] of a large
English-Spanish parallel corpus comprising of about 8 million
sentence pairs. The resulting dictionary was filtered such that
only top 10 target translations (sorted by posterior probability)
of each source word was preserved in the final dictionary. As
a first step, we performed automatic sentence alignment of the
source and target speeches using dynamic programming align-
ment scheme described in [15].

The word alignment procedure takes as input an English
sentence and its corresponding aligned Spanish sentence. It
links each English word with its closest matching Spanish word
if there is one according to heuristics. Specifically, the input
consists of a sequence of English words 〈e1, e2, . . . , em〉 and a
corresponding sequence of Spanish words 〈f1, f2, . . . , fn〉. In
addition, there is a function TIME maps an English or Spanish
word to its start time and another function STOP maps an En-
glish or Spanish word to true if it is a stopword and false other-
wise. Lastly, it is assumed that translation probabilities P (f |e)
are available.

The procedure takes three parameters. δl and δr define the
left and right part of the time window in which the Spanish word
f corresponding to the English word e is taken to appear. t is a
probability threshold that forbids a Spanish word f from linking
to an English word e when P (f |e) < t. For these experiments,
δl = 1 second, δr = 6 seconds, and t = 0.008. The procedure
tries to link each English word e ∈ {e1, . . . , em} to a Spanish
word as follows. First, a candidate set Fe of Spanish words is
constructed such that f ∈ {f1, . . . , fn} is placed in Fe if and
only if the following criteria hold:
• TIME(e)− δl ≤ TIME(f) ≤ TIME(e) + δr

• STOP(e)∧ STOP(f) or ¬STOP(e) ∧ ¬STOP(f)
• P (f |e) ≥ t

Second, f∗ is output where f∗ = argmaxf∈Fe P (f |e).

3.2. Syntactic tagging

Freeling [16] was used to parse the parallel English and Span-
ish sides of the corpus. It assigns Penn Treebank style parts of
speech (POS) to the English text, which is then chunked into
one of 35 different chunk types. In contrast, it assigns EA-
GLES [17] style parts of speech to the Spanish text. Because it
is designed to capture many morphosyntactic distinctions, these
are quite fine grained; there are more than 200 types of Spanish
POS tags whereas there are less than 50 types of Penn Treebank
POS tags. Subsequently, Freeling chunks the Spanish text into
one of 174 chunk types. For both English and Spanish, Freel-
ing assigns a head constituent to each chunk that it creates. The
constituent can be a word or a nested chunk inside the target
chunk.

In order to link English chunks to Spanish chunks, a conver-
sion table was manually created that mapped both the English
chunk types and the Spanish chunk types into the same kind of
”merged” chunk types. There were 19 of these merged chunk
types encompassing fairly general categories such as np (noun
phrase) or vg (verb group). Let MERGE be a function that maps
a node representing a chunk, either English or Spanish, into its
corresponding merged chunk type.

The chunk alignment procedure assumes that the word
alignment procedure has already produced links from English

words to Spanish words. Given that, the chunk alignment pro-
cedure proceeds as follows. For each English word e that is
linked to a Spanish word f , the maximal projection ep of e in
the English chunk structure is obtained. Now, nodes along the
head path of f in the Spanish chunk structure are searched for
the highest node fh such that MERGE(fh) =MERGE(ep). If
there exists such a node fh, then ep is linked to fh.

4. Empirical Analysis
In this section, we perform a variety of empirical analyses to
evince the theories regarding simultaneous interpretation pre-
sented in Section 2.

4.1. Time Constraint

We measure the simultaneity in the interpretation corpus by
computing overlapping intervals of SL speech - TL pause (S/P);
SL speech - TL speech (S/S) and SL pause - TL speech (P/S).
The case of SL pause - TL pause (P/P) is not of interest as
it implies no SI is in progress. We measure the overlap for
each of the three genres, read, spontaneous and mixed source
speech. The overlapping intervals were computed from the
word alignments generated by the speech recognizer. The re-
sults are presented in Table 1. While the percentage of time
does not vary for S/P across all the genres in English-Spanish
and Spanish-English, the percentage of S/P and P/S vary signif-
icantly. Specifically, during the interpretation from Spanish to
English, the interpreters seem to spend more time talking when
the source speaker is silent. This can imply two things: the
interpreters need to catch up more with the Spanish speakers
rate or the syntactical rendering of content from Spanish into
English is more difficult and hence the interpreters need to be
more active. The analysis clearly shows the need to look be-
yond consecutive translation strategies that typically have no
S/S overlap.

4.2. Hesitations

We also analyzed the use of hesitations in SI. We simply
counted the occurrences of ehm, mhm, mmm in the transcrip-
tions. The idea behind using hesitations on the target side by
the interpreter is to gain more time to see a verb or think about
the appropriate translation of a content word. From Table 1
one can see that on an average the interpreters use fewer hes-
itations when interpreting from English-to-Spanish in contrast
with Spanish-to-English. This can be attributed to the possi-
bility of free word order in Spanish that may facilitate the in-
terpreter to use hesitations less frequently in comparison with
English that has more rigid syntax.

4.3. Compression

As mentioned in Section 2.2, compression or paraphrasing can
be witnessed in SI at the sentence, phrase, word or even sylla-
ble level. We analyze the notion of compression at the sentence
level by looking at the number of sentences that were aligned to
NULL during the dynamic programming sentence alignment.
The results are shown in Table 1. It is clear that the simultane-
ous interpreters almost always omit sentences during SI. While
this is more pronounced for read speech as the interpreter has
to process information at a rapid rate from the source side, it
is less pronounced for impromptu speech. The result also in-
dicate that interpreters sometimes, though less often, introduce
new sentences perhaps as glue to aid in SI.
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en→es es→en
Phenomenon read impromptu mixed read impromptu mixed

Time constraint (%)

S/S 11.1 13.0 16.3 12.2 11.0 13.4
S/P 42.5 39.7 42.0 37.4 25.0 33.2
P/S 46.4 47.3 41.7 50.4 64.0 53.4
total 100.0 100.0 100.0 100.0 100.0 100.0

Hesitations # source hesitations/speech 13 12 13 2 9 1
# target hesitations/speech 6 4 5 11 11 7

Redundancy

#source sent aligned to NULL/speech 58 17 28 15 5 5
# target sent aligned to NULL/speech 9 2 4 1 2 1
% linked across words 64.5 60.1 66.6 66.5 62.9 70.6
% linked across chunks 70.2 67.8 72.7 89.2 90.5 92.1

Lag Lag (msec) across words 2078.3 1627.8 2097.3 2554.0 2612.4 1504.2
Lag (msec) across chunks 2086.8 1680.2 2114.2 2636.6 2685.3 1525.3

Table 1: Empirical analysis of time constraint, redundancy and hesitations in simultaneous interpretation as evidenced in the EPIC
corpus.

4.3.1. Sub-Sentence Level Redundancy

Based on the results of word alignment and chunk alignment
algorithms, we measure the percentage of cases where a source
word (chunk) was successfully aligned to a target word (chunk).
The results are shown in Table 1. They bolster the results of ear-
lier sections that indicate that simultaneous interpretation from
English to Spanish is “easier” than the same task in the oppo-
site direction, as there are more linked words and chunks for the
former case.

4.4. Lag

We measure the time interval between when a source word is
spoken and its target word is spoken, according to the results
of word alignment (Section 3.1). We do the same for aligned
source and target chunks according to the results of chunk align-
ment (Section 3.2). The results are shown in Table 1. They
show that simultaneous interpretation from English to Spanish
is “easier” than the same task in the other direction, since the
lag is shorter in the former case. This may be explained by the
fact that English is a restricted word order language in compar-
ison to Spanish, which has a freer word order. Consequently, a
simultaneous interpretation system would need to have special
strategies to deal with the case of translating to a language with
a more restricted word order.

4.5. Discourse Analysis

Simultaneous interpreters often introduce deictic expressions
such as pronouns even when they are not used by the source
speaker [7]. This is because it takes a shorter amount of time to
pronounce these expressions instead of their full form equiva-
lents. Here, we explore several ways deictic expressions can be
employed and measure their prevalence in the EPIC corpus.

One way that a simultaneous interpreter can employ deictic
expressions is to use them to refer to entities. In this case, the in-
terpreter would use use anaphora such as pronoun (e.g. “him”)
or a common noun (e.g. “the leader”) to refer to an antecedent
which is a proper noun (e.g. “President Barack Obama”). One
way to measure the amount of this phenomena occurring in the
EPIC corpus is to compute the ratio of pronouns and common
nouns to proper nouns in either the source speech or the target
speech. Subsequently, we might expect that the ratio should be
higher in the target speech, if the simultaneous interpreter has
a tendency to translate proper nouns as pronouns or common
nouns. Of course, this is only a rough approximation, as a more
exact comparison would use co-reference chains linking each

anaphor to its antecedent, which we do not have for this corpus.
In any case, the results, shown in the upper part of Table 2 do
provide some evidence that the simultaneous interpreter is em-
ploying deictic expressions more often than the source speaker
to refer to entities.

en→ es es→ en
pron,common noun

proper noun (en) 2.687 4.092
pron,common noun

proper noun (es) 2.957 3.776
verb→noun,pron

verb→∗ 0.1020 0.1514
noun,pron→verb

noun,pron→∗ 0.0251 0.0543

Table 2: Ratios of various link types in EPIC corpus show that
simultaneous interpreters often use deictic expressions to com-
press their speech.

Another way that a simultaneous interpreter can employ de-
ictic expressions is to use them to refer to events. According to
[7], in this case a typical approach that an interpreter might use
would be to nominalize a mention of an event. For example,
if the source speaker says “Israeli troops attacked the bridge,”
the interpreter might say “the attack on the bridge by Israeli
troops.” The benefit of this reformulation is that later on in the
same speech, the interpreter can refer to the same event suc-
cinctly using a pronoun. We determine the prevalence of this
strategy in the EPIC corpus by computing the fraction of source
verbs that are aligned to target nouns or pronouns. The results
are shown in the lower part of Table 2. They show that there is
a non-insignificant number of cases where this strategy is being
used.

5. Conclusion
We presented an overview of strategies used in simultaneous
interpretation and their applicability in simultaneous speech-to-
speech translation systems. We presented an empirical analysis
on the simultaneous interpretation data as part of the EPIC cor-
pus with respect to SI strategies such as simultaneity, compres-
sion and discourse inference. Our work is the first large scale
analysis of SI data using automatic tools (e.g., word alignments
obtained through speech recognition). We performed the anal-
ysis on English-Spanish and Spanish-English portions of the
EPIC corpus and demonstrated several key aspects that are spe-
cific to simultaneous interpretation. We are working on a simi-
lar analysis on the EPIC corpus within a simultaneous speech-
to-speech translation system as part of our current work.
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