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Abstract

Accurate sequence-to-sequence (seq2seq) alignment is critical for applications like
medical speech analysis and language learning tools relying on automatic speech
recognition (ASR). State-of-the-art end-to-end (E2E) ASR systems, such as the
Connectionist Temporal Classification (CTC) and transducer-based models, suffer
from peaky behavior and alignment inaccuracies. In this paper, we propose a novel
differentiable alignment framework based on one-dimensional optimal transport,
enabling the model to learn a single alignment and perform ASR in an E2E man-
ner. We introduce a pseudo-metric, called Sequence Optimal Transport Distance
(SOTD), over the sequence space and discuss its theoretical properties. Based
on the SOTD, we propose Optimal Temporal Transport Classification (OTTC)
loss for ASR and contrast its behavior with CTC. Experimental results on the
TIMIT, AMI, and LibriSpeech datasets show that our method considerably im-
proves alignment performance compared to CTC and the more recently proposed
Consistency-Regularized CTC, though with a trade-off in ASR performance. We
believe this work opens new avenues for seq2seq alignment research, providing a
solid foundation for further exploration and development within the community.

1 Introduction

Sequence-to-sequence (seq2seq) alignment is a fundamental challenge in automatic speech recogni-
tion (ASR), where, beyond text prediction, precise alignment of text to the corresponding speech is
crucial for many applications. For example, in medical domain, accurate alignment helps speech and
language pathologists pinpoint speech segments for analyzing pathological cues, such as stuttering or
voice disorders. In real-time subtitling, precise alignment ensures that subtitles are synchronized with
spoken words, which is crucial for live broadcasts and streaming content. In language learning tools,
ASR systems use alignment to provide feedback on pronunciation and fluency, allowing learners to
compare their speech to target pronunciations. In these ASR-driven applications, while word error
rate (WER) is an important performance metric, frame-level and word-level alignment accuracy are
equally important for improving the system’s applicability and responsiveness.

In the literature, two primary approaches to ASR have emerged, i.e., hybrid systems and end-to-end
(E2E) models. In hybrid approaches, a deep neural network-hidden Markov model (DNN-HMM)
[ 124 131 141 5L 161 [7]] system is typically trained, where the DNN is optimized by minimizing cross-
entropy loss on the forced alignments generated for each frame of audio embeddings from a hidden
Markov model-Gaussian mixture model (HMM-GMM). One notable disadvantage of the hybrid
approach is that the model cannot be optimized in an E2E manner, which may result in suboptimal
performance [8]]. More recently, E2E models for ASR have become very popular due to their superior
performance. There are three popular approaches for training an E2E model: (i) attention-based
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encoder-decoder (AED) models [9, 10, [11} [12], (ii) using Connectionist Temporal Classification
(CTC) loss [13,114], and (iii) neural Transducer-based models [[15} 16} [17]. AED models use an
encoder to convert the input audio sequence into a hidden representation. The decoder, typically
auto-regressive, generates the output text sequence by attending to specific parts of the input through
an attention mechanism, often referred to as soft alignment [18]] between the audio and text sequences.
This design, however, can make it challenging to obtain word-level timestamps and to do teacher-
student training with soft labels. Training AED models also requires a comparatively large amount of
data, which can be prohibitive in low-resource setups. In contrast to AED models, CTC and transducer-
based models maximize the marginal probability of the correct sequence of tokens (transcript) over all
possible valid alignments (paths), often referred to as hard alignment [18]. However, recent research
has shown that only a few paths, which are dominated by blank labels, contribute meaningfully to
the marginalization, leading to the well-known peaky behavior that can result in suboptimal ASR
performance [[19]. Unfortunately, it is not possible to directly identify these prominent paths, or those
that do not disproportionately favor blank labels, in advance within E2E models. This observation
serves as the main motivation of our work.

In this paper, we introduce the Optimal Temporal Transport Classification (OTTC) loss function, a
novel approach to ASR where our model jointly learns temporal sequence alignment and audio frame
classification. OTTC is derived from the Sequence Optimal Transport Distance (SOTD) framework,
which is also introduced in this paper and defines a pseudo-metric for finite-length sequences. At
the core of this framework is a novel, parameterized, and differentiable alignment model based on
one-dimensional optimal transport, offering both simplicity and efficiency, with linear time and space
complexity relative to the largest sequence size. This design allows OTTC to be fast and scalable,
maximizing the probability of exactly one path, which, as we demonstrate, helps avoid the peaky
behavior commonly seen in CTC based models.

To summarize, our contributions are the following:

* We propose a novel, parameterized, and differentiable seq2seq alignment model with linear
complexity both in time and space.

* We introduce a new framework, i.e., SOTD, to compare finite-length sequences, examining
its theoretical properties and providing guarantees on the existence and characteristics of a
minimum.

* We derive a new loss function, i.e., OTTC, specifically designed for ASR tasks.

* Finally, we conduct proof-of-concept experiments on the TIMIT [20], AMI [21], and
Librispeech [22] datasets, demonstrating that our method mitigates the peaky beahavior,
improves alignment performance, and achieves promising results in E2ZE ASR.

2 Related Work

CTC loss. The CTC criterion [13]] is a versatile method for learning alignments between sequences.
This versatility has led to its application across various seq2seq tasks [23} 24} [18} 125] 26, 27].
However, despite its widespread use, CTC has numerous limitations that impact its effectiveness
in real-world applications. To address issues such as peaky behavior [19]], label delay [28], and
alignment drift [29]], researchers have proposed various extensions. These extensions aim to refine
the alignment process, ensuring better performance across diverse tasks. Delay-penalized CTC [30]
and blank symbol regularization [31} 32, |33]] attempt to mitigate label delay issues. Other works have
tried to control alignment through teacher model spikes [34} 35]] or external supervision [36 37, 38],
though this increases complexity. More recently, Bayes Risk CTC [28] offer customizable, E2E
approaches to improve alignment without relying on external supervision. The latest advancement,
Consistency-Regularized CTC (CR-CTC) [39], mitigates extreme peaky behavior by enforcing
consistency between CTC distributions obtained from different augmented views of the same audio.

Transducer loss. The transducer loss was introduced to address the conditional independence
assumption of CTC by incorporating a predictor network [[15]. However, similarly to CTC, transducer
models suffer from label delay and peaky behavior [40]]. To mitigate these issues, several methods
have been proposed, such as e.g., Pruned RNN-T [16], which prunes alignment paths before loss
computation, FastEmit [40], which encourages faster symbol emission, delay-penalized transducers
[41]], which add a constant delay to all non-blank log-probabilities, and minimum latency training
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Figure 1: Alignment between embeddings of frames and target sequence. Red bullets represent the
elements of the target sequence {y},,, while the blue bullets indicate the frame embeddings {x},,.
In OTTC, the alignment guides the prediction model F' in determining which frames should map to
which labels. Additionally, the alignment model has the flexibility to leave some frames unaligned,
as represented by the blue-and-white bullets, allowing those frames to be dropped during inference.

[42], which augments the transducer loss with the expected latency. Further extensions include
CIFTransducer for efficient alignment [43|], self-alignment techniques [44]], and lightweight transducer
models using CTC forced alignments [45].

Over the years, the CTC and transducer-based ASR models have achieved state-of-the-art performance.
Despite numerous efforts to control alignments and apply path pruning, the fundamental formulation
of marginalizing over all valid paths remains unchanged and directly or indirectly contributes to
several of the aforementioned limitations. Instead of marginalizing over all valid paths as in CTC and
transducer models, we propose a differential alignment framework based on optimal transport, which
can jointly learn a single alignment and perform ASR in an E2E manner.

3 Problem Formulation

We define Ué ~ = U, <n U2 to be the set of all d-dimensional vector sequences of length at most N.
Let us consider a distribution Dug N RUL and pairs of sequences ({x; }_;, {yi},) of length n and

m drawn from Dya e . For notational simplicity, the sequences of the pairs ({z;};_y, {yi}Z1)

will be respectively denoted by {x},, and {y},, in the following. The goal in seq2seq tasks is to
train a classifier that can accurately predict the target sequence {y},, from the input sequence {x},,
enabling it to generalize to unseen examples. Typically, n # m, creating challenges for accurate
prediction as there is no natural alignment between the two sequences. In this paper, we introduce
a framework to address this class of problems, applying it specifically to the ASR domain. In this
context, the first sequence {x},, represents an audio signal, where each vector x; € R? corresponds to
a time frame in the acoustic embedding space. The second sequence {y }, is the textual transcription
of the audio, where each element y; belongs to a predefined vocabulary L = {ly,... |z}, such that
{y}m € L™, where L™ denotes the set of all m-length sequences formed from the vocabulary L.

4 Optimal Temporal Transport Classification

The core idea is to model the alignment between two sequences as a mapping to be learned along
with the frame labels (see Figure[I). As the classification of audio frames improves, inferring the
correct alignment becomes easier. Conversely, accurate alignments also improve frame classification.
This mutual reinforcement between alignment and classification highlights the benefit of addressing
both tasks simultaneously, contrasting with traditional hybrid models that treat them as separate
tasks [1]. To achieve this, we propose the SOTD, a framework for constructing pseudo-metrics
over the sequence space U2 N» based on a differentiable, parameterized model that learns to align
sequences. Using this framework, we derive the OTTC loss, which allows the model to learn both the
alignment and the classification in a unified manner.

Notation. We denote [1,n] = {1,...,n}.

4.1 Preliminaries

Definition 1. Discrete monotonic alignment. Given two sequences {x},, and {y}n, and a set of
index pairs A C [1,n] x [1,m] representing their alignment, we say that A is a discrete monotonic
alignment between the two sequences if:

» Complete alignment of {y},,: Every element of {y},, is aligned, i.e.,
Vj € [1,m],3k € [1,n], (k,j) € A.



127

128
129
130
131
132
133
134

135

136
137
138

139
140
141
142
143
144
145

146
147
148

149
150
151
152
153
154
155

156
157

1

] By

=

®
N

— ..
~
LY

)

e

)

ST
S
ST

L i

—0—06—©@ € O
ailh 3L Lo 4 o0, 5L L1
Discrete Monotonic ® niﬁ ° Discrete Monotonic ¢ ;ﬁg ,8
Alignment: A n () Alignment: A’ TP ()

Figure 2: Discrete monotonic alignment as 1D OT solution. A discrete monotonic alignment
represents a temporal alignment between two sequences (target on top, frame embeddings on bottom).
It can be modeled by 4?, as illustrated in the graph. The thickness of the links reflects the amount
of mass 4™ (), transported, with thicker links corresponding to higher mass.

* Monotonicity: The alignment is monotonic, meaning that for all (¢, 5), (k,1) € A
1<k = j<lI.

Discrete monotonic alignments model the relationship between temporal sequences, such as those in
ASR, by determining which frame should predict which target. The conditions imposed on the target
sequence {y }., ensure that no target element is omitted, while the absence of similar constraints on
the source sequence {z},, allows certain audio frames to be considered irrelevant and dropped (see
Figure[2). The monotonicity condition preserves the temporal order, ensuring the sequential structure
is maintained. In the following sections, we will develop a model capable of differentiating within
the space of discrete monotonic alignments.

4.2 Differentiable Temporal Alignment with Optimal Transport

In the following, we introduce 1D OT and define our alignment model. Consider the 1D discrete
distributions p[ar, n] and v[3, m] expressed as superpositions of § measures, i.e., a distribution that
is zero everywhere except at a single point, where it integrates to 1

plasn) =Y a6, and  v[B,m] =" B;d;. 1)
=1 =1

The bins of u[a, n] and v[3,m] are [1,n] and [1, m], respectively, whereas the weights a; and
B, are components of the vectors &« € A™ and B € A™, with A™ the simplex set defined as
A" = {v e R"0<wv; <1,  v; =1} C R™ OT theory provides an elegant and versatile
framework for computing distances between distributions such as p[a, n] and v[3, m], depending on
the choice of the cost function [46]] (chapter 2.4). One such distance is the 2-Wasserstein distance
Ws, which measures the minimal cost of transporting the weight of one distribution to match the
other. This distance is defined as i
Wa(plew, ], v[B,m]) :7g11“i2B Z ’Yi,j||i—j||§, 2
i,j=1
where [i — 5|3 is the cost of moving weight from bin i to bin j and ~; ; is the amount of mass moved
from 4 to j. The optimal coupling matrix v* is searched within the set of valid couplings I'*#,
defined as
r*f = {y e RY™y1,, = o and 71, = B}. 3)

This constraint ensures that the coupling conserves mass, accurately redistributing all weights between
the bins. A key property of optimal transport in 1D is its monotonicity [47]. Specifically, if there is
mass transfer between bins 7 and j (i.e., 7] ; > 0) and similarly between bins £ and [ (i.e., Vi > 0),
then it must hold that ¢ < k = j < [. Consequently, when 3 has no zero components — meaning that
every bin from v is reached by the transport — the set {(7, j) € [|1,n] x [1,m] | Vi > 0} satisfies
the conditions of Definition 1, thereby forming a discrete monotonic alignment. This demonstrates

that the optimal coupling can effectively model such alignments (see Figure [2)).

Parameterized and differentiable temporal alignment. Given any sequences length n and m and
B with no zero components, we can define the alignment function v/#

P A" — TP [n]

o — ’7* = argminW(,u[Oé,n]a V[ﬂ7m])7 (4)
~el
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where I'*#[n] is the space of all 1D transport solutions between p[c, n] and v[3, m] for any c.
Differently from 3, o may have zero components, giving the model the flexibility to suppress certain
bins, which acts similarly to a blank token in traditional models. In the context of ASR, a and 3 can
be referred to as OT weights and label weights, respectively.

Lemma 1: The function o — ~v™P () is bijective from A™ to T*P[n] .
Proof. The proof can be found in Appendix [A.2.T]

Proposition 1. Discrete Monotonic Alignment Approximation Equivalence. For any (3 that satisfies
the condition above, any discrete set of alignments A C |1, n] x |1, m| between sequences of lengths
n and m can be modeled by ~;" "8 through the appropriate selection of a, i.e.,

VA, € A", (i,j) € A <= P (a);; > 0. 5)
Proof. The proof can be found in Appendix [A.2.2]

Thus, we have defined a family of alignment functions ™ that are capable of modeling any discrete
monotonic alignment, which can be chosen or adapted based on the specific task at hand. The
computational cost of these alignment functions is low, as the bins are already sorted, eliminating the
need for additional sorting. This results in linear complexity O(max(n,m)) depending on the length
of the longest sequence (see Algorithm[A.T.T)in the Appendix). Furthermore, these alignments are
differentiable, with 'yn B(a); ; explicitly expressed in terms of « and (3, allowing direct computation

P (o
do

of the derivative Jii yia its analytical form.

4.2.1 Sequence-to-Sequence Distance

Here, we use the previously designed alignment functions to build a pseudo-metric over sets of
sequences U< .

Definition 1. Sequences Optimal Transport Distance (SOTD). Consider an n-length sequence
{z}, € L{%N, an m-length sequence {y},, € LI%N, p = max(n,m), and ¢ = min(n, m). Let
C : R% x R? — R, be a differentiable positive cost function. Considering r € N* and a family

of vectors {B}n = {31 € AL, B2 € A% ..., Bn € AN} without zero components, we define the
SOTD S, as Y
S, ({@}ns {y}m) = min, ( Z 10 (@i Clany)) (©)

Note that 3, obviously depends on g, but could a priori depend on {x},, and {y},,. To simplify the
notation, we only denote its dependence on g. However, all the results in this section remain valid
under such dependencies, as long as 3, components never becomes zero.

Proposition 2. Validity of the definition. SOTD is well-defined, meaning that a solution to the
problem always exists, although it may not be unique.

Proof. The proof and the discussion about the non-unicity is conducted in Appendix[A.2.3]

Proposition 3. SOTD is a Pseudo-Metric. If the cost matrix C is a metric on R%, then S, defines a
pseudo-metric over the space sequences with at most N elements U2 N-

Proof. The proof can be found in Appendix [A.2.4]

Since S, is a pseudo-metric, there are sequences {x}, # {y}n, such that S, ({z},,{y}m) = 0.
The following proposition describes the conditions when this occurs.

Proposition 4. Non-Separation Condition. Let A be the sequence aggregation operator which
removes consecutive duplicates, i.e., A({...,x,x,...}) ={...,x,...}. Let Py be the sequence
pruning operator which removes any element x; from sequences corresponding to an o;; = 0, i.e.,
Pol{- @iz, @iy @iy, .. }) =4, ®i—1, @iz, .. } if a; = 0. Further, let us consider {x},,
and {y}m such that {m} n Z {Y}m. Wlthout loss of generality, we assume that n. > m. Then

Se({z}n, {y}tm) = 0 iff A(Pax({z}n)) = A{y}m), )
where o* is a minimum for which S, ({x}n, {y}m) = 0. It should be noted that this condition holds
also when C' is neither symmetric nor satisfies the triangular inequality, but is separated (like the
cross-entropy for example). (Proof. See Appendix )
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The consequence of the previous proposition is that we can learn a transformation through gradient
descent using a trainable network F' which maps input sequences {x},, to target sequences {y},
(with n > m) by solving the optimization problem

mlnS( {x}n), {y}tm)- 8)

We are then guaranteed that a solution F*{x},, allows us to recover the sequence A({y}). In
cases where retrieving repeated elements in {y},, (e.g., double letters) is important, we can in-
tersperse blank labels ¢ ¢ L between repeated labels as follows: {y},, = {...,l;,L,...} —
{ b, b, .. )

Note on Dynamic Time Warping (DTW): A note on the distinction between our approach and
DTW-based methods [48] can be found in Appendix [A.4]

4.3 Application to ASR: OTTC Loss

In ASR, the target sequences {y},, are d-dimensional one-hot encoding of elements from the set
L U {¢}, where ¢ is a blank label used to separate repeated labels. The encoder F' predicts the label
probabilities for each audio frame, such that -0.1cm

F({w}’ﬂ) = {[pll(wi)v"’7pl‘L‘+1(mi)]T}?:1~ (9)
The alignment between F'({x},,) and {y},, is parameterized by a[{x},,, W] € A", defined as
al{x},, W] = softmax(W (1), ..., W(x,))" (10)

where W 1s a network that outputs a scalar for each frame x;. Using the framework built in
Section4.2.1|(with r = 1 and C = C¢, where C. is the cross-entropy) to predict {y},, from {z},,
we train ot W and F' by minimizing the OTTC objective

n,m

Lorre == Y P (al{@hn, W), - log py, (). an

1,7=1

The choice of the cross-entropy C. as the cost function arises naturally from the probabilistic encoding
of the predicted output of F' and the one-hot encoding of the target sequence. Additionally, since C
is differentiable, it makes the OTTC loss differentiable with respect to F', while the differentiability
of the OTTC with respect to W stems from the differentiability of 4/ with respect to its input
al{x},, W]. Thus, by following the gradient of this loss, we jointly learn both the alignment (via
W) and the classification (via F').

Note: The notation v™# in Eq. is valid in the context of ASR since n > m.

4.4 Link with CTC Loss

In this section, we link the CTC and the proposed OTTC losses. In the context of CTC, we
denote by B the mapping which reduces any sequences by deleting repeated vocabulary (similarly
to the previously defined .A mapping in Proposition 5) and then deleting the blank token ¢ (e.g.,
B({GGOOpODD}) = {GOODY}). The objective of CTC is to maximise the probability of all
possible paths {7r},, of length n through minimizing

—log > p({m}in) = —log > |JEEOE (12)

{m}neB~1{y}m) {m}IneB 1 ({y}m) i=1

where {7} € L" is an n-length sequence and B~ ({y},) is the set of all sequences collapsed by B
into {y}m.

Let us consider a path {m},, € B~!({y}.»). Such a path can be seen as an alignment (see Figure 3)),
where {x;} and {y;} are aligned iff w; = y;. By denoting A, as the corresponding discrete
monotonic alignment, one can write
n,m . An n,m
—logp({m}n) Zlogpm z)=  », Celmy) " > Cumiy). (13)
i,j=1 i,j=1
(i,j)EAR 'y;f’ﬁm(a)i,j>0
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Figure 3: A CTC alignment. Here, we illustrate one of the valid alignments for CTC. The CTC loss
maximizes the marginal probability over all such possible alignments.

Table 1: Alignment performance of the CTC-, CR-CTC-, and OTTC-based ASR models on the
TIMIT and AMI datasets. tFor TIMIT, we subtract the percentage of real silence, as it is available,
unlike in AMI.

Model TIMIT (Phoneme Level) AMI (Word Level)
Peakyf(i) F1 Score (1) IDR (1) | Peaky (J) F1 Score (1) IDR (1)
CTC 53.51 88.77 26.98 81.93 83.94 16.75
CR-CTC 35.62 88.98 35.82 80.40 84.58 18.20
OTTC 0.76 89.27 76.72 54.75 84.81 42.84

with C, representing the cross-entropy. The last equality arises from Proposition 1 and the fact that
A represents a discrete monotonic alignment.

The continuous relaxation (i.e., making the problem continuous with respect to alignment) of the last
term in this sequence of equalities results in —Lo77¢. Therefore, OTTC can be seen as relaxation
of the probability associated with a single path, enabling a differentiable path search mechanism.
Essentially, OTTC optimization focuses on maximizing the probability of exactly one path, in contrast
to CTC, which maximizes the probability across all valid paths.

Additionally, OTTC does not incentivize paths containing many blank tokens, unlike CTC. In CTC,
the peaky behavior arises because maximizing the marginal probability over all valid paths can
incentivize the model to assign more frames to the blank token [19]. In contrast, OTTC does not rely
on a blank token to indicate that a frame ¢ should not be classified (blank tokens are only used to
separate consecutive tokens). Instead, the model simply sets the corresponding weight o; to O (see
Figure[2). This mechanism avoids the peaky behavior exhibited by CTC.

S Experimental Setup

To demonstrate the viability of the proposed OTTC loss framework, we conduct several proof-
of-concept experiments on the ASR task. To this end, we compare alignment quality and ASR
performance using the proposed OTTC framework and existing CTC-based models. Note that an
efficient batched implementation of OTTC along with the full code to reproduce our experimental
results will be made publicly available.

Datasets. We conduct our experiments on popular open-source datasets, i.e., the TIMIT [20],
AMI [21], and LibriSpeech [22]]. TIMIT is a 5-hour English dataset with time-aligned transcriptions,
including exact time-frame phoneme transcriptions, making it a standard benchmark for ASR
and phoneme segmentation tasks. We report results on the standard eval set. AMI is an English
spontaneous meeting speech corpus that serves as a good benchmark to evaluate our approach in a
realistic conversational scenario, due to its spontaneous nature and prior use in alignment evaluation
[49]]. For our experiments on this dataset, we train models on the individual head microphone (IHM)
split comprising 80 hours of audio, and report results on the official eval set. LibriSpeech is an
English read-speech corpus derived from audiobooks, containing 1000 hours of data. It is a standard
benchmark for reporting ASR results. For our experiments, we train models on the official 100-hour,
360-hour, and 960-hour splits, and report results on the two official test sets.

Baselines. We benchmark our performance against the standard CTC. To specifically compare
alignment quality, particularly regarding the mitigation of the peaky behavior inherent in CTC-based
models, we also include CR-CTC [39]. CR-CTC serves as a strong baseline, chosen for its established
effectiveness against such peaky alignments.

Model architectures. We use the 300M parameter version of the well-known Wav2Vec2-large
[S0] as the base model for acoustic embeddings in all the experiments conducted in this work. The
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Wav2Vec2 is a self-supervised model pre-trained on 60K hours of unlabeled English speech. For the
baseline CTC-based models, we stack a dropout layer followed by a linear layer for logits prediction,
termed the logits prediction head. For the proposed OTTC loss based model, we use a dropout and
a linear layer (identical to the baseline) for logits prediction. In addition, as described in Section
[.3] we apply a dropout layer followed by two linear layers on top of the Wav2Vec2-large model for
OT weight prediction, with a GeLU [51] non-linearity in between, termed the OT weights prediction
head. Note that the output from the Wav2Vec2-large model is used as input for both the logit and OT
weight prediction heads, and the entire model is trained using the OTTC loss.

Performance metrics. Alignment quality is assessed using three metrics: peaky behavior, starting
frame accuracy, and Intersection Duration Ratio (IDR). Peaky behavior, a common characteristic of
CTC-based models, refers to a large proportion of audio frames being assigned to blank or space
symbols (non-alphabet symbols) [19]. To quantify this, we compute the average percentage of frames
mapped to these symbols. Starting frame accuracy is evaluated using the F1 score, following the
methodology proposed in [49]. It is important to note that this F1 score reflects only the correctness
of the predicted token’s starting frame and does not fully capture alignment quality. To address this,
we introduce IDR, which measures the overlap between predicted and reference word segments,
normalized by the reference duration. This provides a finer-grained assessment of temporal alignment.
These alignment metrics are computed only on the TIMIT and AMI datasets due to the lack of
reliable ground-truth or forced-alignment annotations for LibriSpeech. On TIMIT, where ground-
truth alignments are available, we assess alignment at the phoneme level. For AMI, which lacks
ground-truth timestamps, we follow the forced-alignment approach in [49]], but restrict evaluation to
word-level timestamps, as they are generally more reliable than phoneme-, letter-, or subword-level
annotations. Finally, ASR performance is evaluated using the WER on all considered databases.

Training details. In all our experiments, we use the AdamW optimizer [52]] for training. For TIMIT
and LibriSpeech, the initial learning rate is set to [r = 2¢~%, with a linear warm-up for the first 500
steps followed by a linear decay until the end of training. For AMI, the initial learning rate is set
to Ir = 1.25¢~3, with a linear warm-up during the first 10% of the steps, also followed by linear
decay. We train all considered models for 40 epochs, reporting the test set WER at the final epoch. In
our OTTC-based models, both the logits and OT weight prediction heads are trained for the first 30
epochs. During the final 10 epochs, the OT weight prediction head is fixed, while training continues
on the logits prediction head. For experiments on the LibriSpeech (resp. TIMIT) dataset, we use
character-level (resp. phoneme-level) tokens to encode text. Given the popularity of subword-based
units for encoding text [53]], we sought to observe the behavior of OTTC-based models when tokens
are subword-based, where a token can contain more than one character. For the experiments on
the AMI dataset, we use the SentencePiece tokenizer [54]] to train subwords from the training text.
Greedy decoding is used for all considered models to generate the hypothesis text.

Choice of label weights (3,). To simplify the training setup for our OTTC-based models, we use a
fixed and uniform 3, (see Sections [4.2] & [#.3), where the length ¢ of 3 is equal to the total number of
tokens in the text after augmenting with the blank (¢) label between repeating characters.

6 Results and Discussion

Alignment quality. We begin by analyzing the alignment performance of the models on the
TIMIT and AMI datasets, with results shown in Table|I] Our proposed OTTC model consistently
outperforms the CTC-based models across all alignment metrics on both datasets. A key observation
is the significant difference in the percentage of frames assigned to non-alphabet symbols by the
CTC-based models, highlighting the peaky behavior inherent in these models. Specifically, the
baseline CTC-based models tend to assign a large proportion of frames to blank or space symbols,
reflecting a misalignment in predicted word boundaries. In contrast, the OTTC model avoids this
issue, preventing extreme peaky behavior observed in CTC-based models. While the OTTC model
also outperforms the CTC-based models in F1 score, the margin of improvement is smaller. However,
the IDR reveals a substantial advantage for OTTC, with a significant improvement over CTC and
CR-CTC. This indicates that CTC-based models often either delay the prediction of word starts
or assigns too few frames to non-blank symbols, reinforcing the peaky behavior. Additionally,
the performance improvement on the AMI dataset is particularly significant, given its nature of
meeting speech. This demonstrates how effectively the OTTC loss adapts to varying speaking rates,
showcasing the robustness of our framework in learning alignments despite speech variability.
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Table 2: Word Error Rate (WER%) comparison between the baseline CTC model and the proposed
OTTC model on all considered datasets. Lower WER is better.

Model TIMIT | AMI 100h-LibriSpeech 360h-LibriSpeech 960h-LibriSpeech
eval eval | test-clean test-other | test-clean test-other | test-clean test-other

CTC 8.38 11.75 3.36 7.36 2.77 6.58 2.20 5.23

OTTC 8.76 14.27 3.77 8.55 3.00 7.44 2.52 6.16

WER. ASR performance in terms of WER for the CTC model and the proposed OTTC model
is depicted in Table E] for all considered datasets. On the TIMIT dataset, the OTTC model shows
a slightly higher WER compared to the CTC model, and while the performance gap is larger on
the AMI dataset, it’s encouraging to observe consistent performance despite the varied nature of
speech. On the LibriSpeech dataset, using the 100-hour training split, the OTTC model achieves a
WER of 3.77% on test-clean. As we scale the training dataset (100h — 360h — 960h), we observe a
monotonic improvement in WER for the proposed OTTC-based models, similarly to the CTC-based
models. Although the WERSs achieved by the OTTC-based models are typically higher than the
CTC-based models, the presented results underscore the experimental validity of the SOTD as a
metric and demonstrate that learning a single alignment can yield promising results in E2E ASR.

Qualitative alignment comparison.  Apart from quantitative alignment comparison (Ta-
ble [I), we show an alignment from the CTC- and OTTC-based models in Figure
For CTC, it can be seen that the best path aligns
most frames to the blank token, resulting in
peaky behavior [19]. In contrast, the OTTC
model learns to align all frames to non-blank
tokens. This effectively mitigates the peaky be-
havior observed in the CTC model. Note that
OTTC allows dropping frames during alignment
(see Section {.4), however, in practice, we ob-
served that only a few frames are dropped. For
additional insights, we plot the evolution of the
alignment for the OTTC model during the course
of training in Figures [6] & [7] It is evident that
the alignment learned early in the training process remains relatively stable as training progresses.
The most notable changes occur at the extremities of the predicted label clusters. This observation
led us to the decision to freeze the OT weight predictions for the final 10 epochs, otherwise, even
subtle changes in alignment could adversely impact the logits predictions because same base model
is shared for predicting both the logits and the alignment OT weights.

yihd

x iy iy iy i dx dx ah ah ah
ah ah ah ah ah ah ah f f f hh hh hh hh ah ah ah ah

y ¢ uw ¢ dx i dx ih 1h
f hh hh ah

vy yuw uw dx dx dx dx dx ih ih ih
ahahah ffffff hh hh hh hh ah ah ah ah

OTTC CTC Ref

Figure 4: CTC and OTTC alignments. Phoneme-
level transcription of CTC and OTTC, compared
to a reference from TIMIT.

In summary, the presented results demonstrate that the proposed OTTC models achieve significant
improvements in alignment performance, effectively mitigating the peaky behavior observed in CTC
models. Although there is an increase in WER, the improvement in alignment accuracy indicates
better temporal modeling. This enhanced alignment could benefit tasks that require precise timing
information, such as speech segmentation, event detection, and applications in the medical domain,
where accurate temporal alignment is crucial for tasks like clinical transcription or patient monitoring.

7 Conclusion and Future Work

Learning effective sequence-to-sequence mapping along with its corresponding alignment has diverse
applications across various fields. Building upon our core idea of modeling the alignment between
two sequences as a learnable mapping while simultaneously predicting the target sequence, we define
a pseudo-metric known as the Sequence Optimal Transport Distance (SOTD) over sequences. Our
formulation of SOTD enables the joint optimization of target sequence prediction and alignment,
which is achieved through one-dimensional optimal transport. We theoretically show that the SOTD
indeed defines a distance with guaranteed existence of a solution, though uniqueness is not assured.
We then derive the Optimal Temporal Transport Classification (OTTC) loss for ASR where the
task is to map acoustic frames to text. Experiments across multiple datasets demonstrate that our
method significantly improves alignment performance while successfully avoiding the peaky behavior
commonly observed in CTC-based models. Other sequence-to-sequence tasks could be investigated
using the proposed framework, particularly those involving the alignment of multiple sequences, such
as audio, video, and text.
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Figure 5: 1D OT transport computation. 1llustration of the optimal transport process, computed
iteratively by transferring probability mass from the smallest bins to the largest.

sst. A Appendix

552 A.1 Algorithm and Implementation Details
553  A.1.1 Alignment Computation

s54  The algorithm to compute 4"? is given in Algorithm This algorithm computes the 1D optimal
s55  transport between [, n] and v[3, m], exploiting the monotonicity of transport in this dimension. To
556 do so the first step consist in sorting the bins which has the complexity O(nlogn) + O(mlogm) =
557 O(max(n, m)logmax(n,m)). Then we transfer the probability mass from one distribution to
ss8 another, moving from the smallest bins to the largest. A useful way to visualize this process is by
550 imagining that the bins of ;4 each contain a pot with a volume of a; filled with water, while the bins
se0  of v each contain an empty pot with a volume of b;. The goal is to fill the empty pots of v using the
s61  water from the pots of ;. At any given step of the process, we always transfer water from the smallest
s62 non-empty pot of u to the smallest non-full pot of v. The volume of water transferred from ¢ to j is
s63  denoted by ~; ;. An example of this process is provided in Figure [5]

se+ In the worst case, this process requires O(n 4+ m) comparisons. However, since the bins are already
ses  sorted in SOTD, the overall complexity remains O(n + m) = O(max(n,m)). In practice, this
s66 algorithm is not directly used in this work, as we never compute optimal transport solely; it is
s67 provided here to illustrate that the dependencies of v# on «v are explicit, making it differentiable
ses  with respect to ac. An efficient batched implementation version for computing SOTD will be released
569  SOOM.

570 A.2 Properties of OTTC

571 Here can be found proof and more insight about the properties of SOTD, S,..

s72 A.2.1 Lemma 1 : Bijectivity

573 Proof of Lemma 1. Surjectivity: The surjectivity come from definition of I'*#[n]. Injectiv-
574 ity: Suppose ;P (@) = ;P (o), so a = [T P ()i, T AP (e)ig)t =
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Algorithm 1 : Transport Computation - 772 ()

Ensure: Compute v7?(cv).
Require: o € R".
Sety € R™™ = 0, xm.
Seti,7 =0.
while 7" == True do
if a; < 3; then

Yij = Bj — oy
i=1+1
if : == n then
T = false
end if
ﬂj = ﬁj —Q
else
Yi,j = QG — ﬁj
j=J7+1
if j == m then
T = false
end if
Q; = O — 5]'
end if
end while
Return ~ =0

(7 2 (@)igo - i v P(0)i]" = o (because yiP(a) € TP and y;%(0) €
I'?8), which conclude the proof.

A.2.2 Proposition 1 : Discrete Monotonic Alignment Approximation Equivalence.

Proof of proposition 1. Let’s consider the following proposition P(k) :

P(k): 3a’ € A", Vi,V <k, (i,j) € A <= y"P(a’);; > 0. (14)

Initialisation - P(1). P(1) is true. Consider the set E; = {j € [1,m] | (1,7) € A}, which
can be written as E; = {1,2,...,max(FE})} since A is a discrete monotonic alignment. Define
at = jem Bis-- .]¥, where the remaining coefficients are chosen to sum to 1.

Since the alignment 7" is computed monotonically (see Appendix , ~mP (a')1,; > 0ifand
only if 04} < B1 + -+ + B;, which corresponds exactly to the set of indices j € E7, i.e., the aligned
indices in A. This proves P(1).

Heredity - P(k) = P(k + 1). The proof follows similarly to P(1). However two cases need to be
considered :

* When (k + 1,max(FE})) € A, in this cases we must consider Ey+1 = {j € [1,m]| (k +
1,7) € A} = {max(Ey) = min(Ey1), min(Ex11)+1,...,max(E,11)} (because 3 has
no components) and define ! = [ad,... af — %, Y ieren Bi— %, I
where the remaining parameters are chosen to sum to 1.

* When (k + 1, max(F)) ¢ A, we must consider Ex11 = {j € [1,m]| (k+ 1,5) €
A} = {max(Ey) # min(Eyq1), min(Ex11) + 1,...,max(Ek4+1)} (because B has no
components) and define **1 = [ad,..., af, ek Bis-- .]¥, where the remaining
parameters are chosen to sum to 1.

By induction, the proposition holds for all n. Therefore, Proposition 1 (i.e., P(n)) is true. An «
verifying the condition is :
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A.2.3 Proposition 2 :Validity of SOTD definition

Proof of proposition 2. Since 4™# is differentiable so continuous, it follows that o +
PO e A(a);,j - C(zi,y,) is continuous over A™. Given that A™ is a compact set and ev-
ery continuous function on a compact space is bounded and attains its bounds, the existence of an
optimal solution a* follows.

Non-unicity of the solution. The non unicity come from that if their is a solution * and two integer
k, I such that ¥R (a*); > € > 0 and ¥™P(a* )14 > € > 0 and C(xk, y1) = C(Tht1,Y1)s
therefore the transport 4 such that :

° Vi e |:|17n|]7j7€ |]17m|]7 (i7j) # (k7 l) ’/71‘7‘]. = vzln’ﬁ(a*)luj'
* g =P (@) ey — €/2

* Apr1n = Y0P (0 g1, + €/2

provide a distinct solution. Let’s denote o = {4"A}~1(4; ;). First o # o because o), =

S Akl = Y AP () — €/2 = af — €/2. Second, it’s clear that Y ;7" i YnY Bla*)j
Cmi,y;) = 12 ™ P (0)i; - C(xi, y;). Then o is distinct solution.

A.2.4 Proposition 3 : SOTD is a pseudo Metric

Proof of proposition 3.  Pseudo-separation. 1t’s clear that S, ({z},, {x},) = 0, this value is

attained for a* = (3,,; where the corresponding alignment 4%~ (a*) corresponds to a one-to-one
alignment. Since the two sequences are identical, all the costs are zero.

Symmetry. We have S, ({z}, {y}mm) = S, ({y}m, {x},) because the expression for S, in Eq.[f]
is symmetric. Specifically, because C' is symmetric as it is a metric.

Triangular inequality. Consider three sequences {x},, {y}m and {z},. Let p = max(n,m),

¢ = min(n, m), u = max(m, o), v = min(m, o). Define the optimal alignments 'yp’ﬁq (™) between

{z}, and {y},,; and v2P* (p*) between {y},, and {z},. Vi € |1,n|,Vj, k € |1,m|,VI € |1, 0],
we define :

ey L ety ifnzm 0
" 73’5‘1 (a*);; otherwise.
ve _ AP (p kg ifk > 6
Yed 2B (p*)11  otherwise.
’Yﬂ = ’Y;q)’a* (Bq)jk (17)
and we define :
- Z?:1 'Vfg if >0
bi = { 1 otherwise. (18)
X i >0
= { 1 otherwise. (19)

So 4*¥ is the optimal transport between p[a*, p] and v[3,, q]; ¥¥¥ is the optimal transport between
1[Bq, q) and v{o*, u] and Y7 is the optimal transport between o™, u] and v[3,,v], since in 1D

Y YY Yz
Vi ]’y;/ k’yk 1
bjck

optimal transport can be composed, the composition is an optimal transport between

wla*, p] and v[B,, v]. Therefore by bijectivity of 72;1((2 z)) Pemine:) here is a @ € RMx(P:0) such
that :
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Y YY Y=z

min(p,v),Bmin(p,v) Y5 Vi kVE

max(p,v) g (0) b Ch (20)
625 Thus, by the definition of S.({x},, {z},):
n,0 m,m min(P,0) Brsin (o) 0). Cla: , 1/r 21
S{@hn{zho) < (32 30 A B (g) . C(a, 2) e
i,l=1j,k=1
n,0o m,m _TY Yy Yz
Vi3 Vi k Vil AT

S({ahn 2l < (2 L Ol 2) ) (22)

i,0=1j,k=1

n,0 m,m ,_ley,yyyl;g,yzzl 1r
Sr({zhn, {z}o) ( SN SR (O yy) + Clyg,ue) + C(yk,zz))r) (23)

bjc
i,l=17,k=1 k

626 Applying the Minkowski inequality:

n,0o m,m _TY Yy Yz

Vi, Vik Ve AT
S{@hn =)o) <( D0 D IR (Caiyy))  + (24)
=1 k=1 3%k
n,0 m,m _xTY_ Yy Yz 1/r
(>3 g TyukTit (Clysm)) "+ (25)
— bJCk
i,l=1j,k=1
n,0 mm Ty yy Yz 1/r
(33 LR (o, 2))) (26)
. . bJC}.C
i,0=1j,k=1
627 Then :
, 1/r
S:({@}ns {2}) <(va Claiyy))  + )
1,j=1
mL,m 1/r
( >k C(yjayk)r> + (28)
jh=1
m,o ; ‘ 1//'“
( > -C(yk,zo’) (29)
k=1

628 By definition :
Sr({ztn, {2}o) < Sr{ztn, {ytm) + Sr{ytm, {ytm) + S-({y}m, {2}0) (30)

620 So finally since S, ({y}m, {y}m) = 0, the triangular inequality holds :

Sr({ztn, {2}o) < Sr({xhn, {ytm) + Sr({ytm, {z}o)- (3D

630 This concludes the proof.

e31  Note: If 3’s depends on {x},. {y}m and {z},,, we need to introduce the appropriate v** to
e32 construct the composition in Equation 20} ensuring the proof remains valid.
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A.2.5 Proposition 4 : Non-separation condition

Proof. Suppose S, ({}n, {y}m) = 0. and A(Po ({a}n)) # A({y}n). So

Z P (a*)i - Clai,y;)" =0 (32)

4,j=1

Let A(),, denote the aggregation operator on A™, which groups indices where consecutive elements
in {z}, are identical (i.e, A([..., ..., Qigk,-- 7)) = [ a0+ + Qigp, .. T iff 2 =
- = x;4+1). By expanding the right term, we show that; Voo € A™ :

-— m — M, ALy} (B) r
Do P (@) Clainy)" = D A (A, (@) - C(APa({z}a)), Al{y}a)
3,j=1 i,j=1
(33)
Therefore :
S A 8) 4 V), - C(A A = 34
Z Yn ( Po{z}n (a ))m -C(A(Pa-({z}n)), A{y}n))" =0 (34)
i,j=1
Since A(Py+ ({x}n)) # A({y}n) theiris a k € |1, m[ such that :
K <k, A{z}o)r = Ayt and A({z},)r # A{y}n)s (35)
Because the optimal alignment is monotonous and lead to a O cost, necessarily :
VE <k, Ap, ({a}.) (@) = Agyy,, (B (36)
which is the only way to have alignment between the £ first element which led to O cost. Because

m,A . .
of the monotonicity of 7, ~ ¥}m @ (Ap, {a}, (o)) the next alignment (s, ¢) is between the next
element with a non zeros weights for both sequences. Since  has non zero component and by the

definition of P,, s = k and ¢t = k. Therefore the term =y, A{y}"‘(ﬁ)(Ap - ({z}n) (@) &,k is non

null and the term :

M ALy *
i A (A, (@) C(APar ({@ha), ALy} )i)
belong to the sum in depicted in Egq. So C(A(Par({x}n)), A{y}tn)e) = 0 ie,

A(Po-({x}n)) = A({y}n)r because C is separated. Here a contradiction so we can conclude
that :

A(Pax({x}n)) = A{y}n)

A.3 Supplementary Experimental Insights
A.4 Note on Dynamic Time Warping (DTW)

It is important to highlight the distinction between our approach and DTW-based [48] alignment
methods, particularly the differentiable variations such as soft-DTW [55]. These methods generally
have quadratic complexity [S5], making them significantly more computationally expensive than ours.
Furthermore, in DTW-based methods, the alignment emerges as a consequence of the sequences
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themselves. When the function F' is powerful, the model can collapse by generating a sequence
F({z},) that induces a trivial alignment [56]] (see Appendix[A.4.1] where we conducted experiments
using soft-DTW for ASR to illustrate this). To mitigate this issue, regularization losses [156, [57]
or constraints on the capacity of F' [58}159] are commonly introduced. However, using regulariza-
tion losses lacks theoretical guarantees and introduces additional hyperparameters. Furthermore,
constraining the capacity of F', although more theoretically sound, makes tasks requiring powerful
encoders on large datasets impractical. In contrast, our method decouples the computation of the
alignment from the transformation function F', offering more flexibility to the model as well as
built-in temporal alignment constraints and theoretical guarantees against collapse.

A.4.1 Ablation Studies

This section explores the effects of various design choices and configurations on the performance of
the proposed OTTC framework and provides additional insights on its comparison to soft-DTW.

Training with single-path alignment from CTC. A relevant question that arises is whether the gap
between the OTTC and CTC models arises from the use of a single alignment in OTTC rather than
marginalizing over all possible alignments. To investigate this, we conducted a comparison with a
single-path alignment approach. Specifically, we first obtained the best path (forced alignment using
the Viterbi algorithm) from a trained CTC-based model on the same dataset. A new model was then
trained to learn this single best path using Cross-Entropy. On the 360-hour LibriSpeech setup with
Wav2Vec2-large as the pre-trained model, this single-path approach achieved a WER of 7.04% on the
test-clean set and 13.03% on the test-other set. In contrast, under the same setup, the OTTC model
achieved considerably better results, with a WER of 3.00% on test-clean and 7.44% on test-other (see
Table[2). These findings indicate that the OTTC model is effective with learning a single alignment,
which may be sufficient for achieving competitive ASR performance.

Fixed OT weights prediction (o). We conducted an additional ablation experiment where we
replaced the learnable OT weight prediction head with fixed and uniform OT weights (c). This
approach removes the model’s ability to search for the best path, assigning instead a frame to the
same label during training. Consequently, the model loses the localization of the text-tokens in the
audio. For this experiment, we used the 360-hour LibriSpeech setup with Wav2Vec2-large as the
pre-trained model. The results show a WER of 3.51% on test-clean, compared to 2.77% for CTC
and 3.00% for OTTC with learnable OT weights. On test-other, the WER was 8.24%, compared to
6.58% for CTC and 7.44% for OTTC with learnable OT weights. These results demonstrate that
while using fixed OT weights leads to a slight degradation in performance, the localization property is
completely lost, highlighting the importance of learnable OT weights for preserving both performance
and localization in the OTTC model.

Impact of freezing OT weights prediction head across epochs. In our investigations so far, we
arbitrarily selected the number of epochs for which the OT weights prediction head (o predictor)
remained frozen (see Section[6)), as a hyperparameter without any tuning. To further understand its
impact, we conducted additional experiments on the 360h-LibriSpeech setup using the Wav2Vec2-
large model while freezing the OT weights prediction head for the last 5 and 15 epochs. When frozen
for the last 5 epochs, we achieve a WER of 3.01%, whereas when frozen for the last 15 epochs,
the WER is 3.10%. As shown in the Table 2] freezing the OT head for the last 10 epochs results in
a WER of 3.00%. Based on these results, it appears that the model’s performance doesn’t change
considerably when the model is trained for a few more epochs after freezing the alignment part of the
OTTC model.

Oracle experiment. We believe that the proposed OTTC framework has the potential to outperform
CTC models by making 3 learnable with suitable constraints or by optimizing the choice of static 3.
To illustrate this potential, we conduct an oracle experiment where we first force-align audio frames
and text tokens using a CTC-based model trained on the same data. This alignment is then used to
calculate the 3 values. For example, given the target sentence Y ES and the best valid path from the
Viterbi algorithm (¢Y ¢ EES), we re-labeled it to (Y ¢ES) and set 8 = [1/7,1/7,2/7,2/7,1/7].
This approach enabled OTTC to learn a uniform distribution for o, mimicking CTC’s highest
probability path. As a result, in both the 100h-LibriSpeech and 360h-LibriSpeech setups, the OTTC
model converged much faster and matched the performance of CTC. This experiment underscores
the critical role of 3, suggesting that a better strategy for its selection or training will lead to further
improvements.
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Figure 6: Evolution of allgnmentmthe OT T C model aluriné thecourse oftraz mgThe red bullets
represent elements of the target sequence {y},,, while the blue bullets indicate the predicted OT
weights for each frame. The size of the blue bullets is proportional to the predicted OT weight.

Comments on soft-DTW. In soft-DTW, only the first and last elements of sequences are guaranteed
to align, while all in-between frames or targets may be ignored; i.e., there is no guarantee that
soft-DTW will yield a discrete monotonic alignment. A “powerful” transformation F' can map x to
F(x) in such a way that soft-DTW ignores the in-between transformed frames (F'(x)) and targets
(y), which we refer to as a collapse (Section[d.2.1). This is why transformations learned through
sequence comparison are typically constrained (e.g., to geometric transformations like rotations) [58]].
Since transformer architectures are powerful, they are susceptible to collapse as demonstrated by the
following experiment we conducted using soft-DTW as the loss function. On the 360h-LibriSpeech
setup with Wav2Vec2-large model, the best WER achieved using soft-DTW is 39.43%. In comparison,
CTC yields 2.77% whereas the proposed OTTC yields 3.00%. A key advantage of our method is that,
by construction, such a collapse is not possible.

A.4.2 Alignment Analysis

Temporal evolution of alignment. An example of the evolution of the alignment in the OTTC model
during training for 40 epochs without freezing OT weights prediction head is shown in Figure [7]
Note that during the initial phase of training, there is significant left/right movement of boundary
frames for all groups. As training progresses, the movement typically stabilizes to around 1-2 frames.
While this can be considered “relatively stable" in terms of alignment, the classification loss (i.e.,
cross-entropy) in the OTTC framework is still considerably affected by these changes. This change
of the loss is what impacts the final performance and the performance difference between freezing or
not-freezing the alignments.

B Limitations

The primary limitation of the current work is the observed trade-off between significantly improved
alignment quality and a higher WER in ASR tasks compared to CTC. Further research is necessary
to bridge this transcription accuracy gap. Additionally, the framework’s performance, particularly the
quality of learned alignments and ASR accuracy, can be sensitive to the configuration of label weights
(B¢). The current use of fixed, uniform weights is a simplification, and developing strategies to learn
B4 or devise more adaptive approaches without encountering degenerate solutions or overly complex
training dynamics remains an area for future exploration. Finally, while the SOTD framework and
OTTC loss show promise, their empirical validation and necessary adaptations have been primarily
focused on ASR, with extensive investigation for a broader range of sequence-to-sequence tasks still
required.

C Broader Impacts

Our work has the potential to positively impact several application areas. Improved temporal align-
ment can benefit domains such as medical speech analysis (e.g., detecting pathological cues), language
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Figure 7: Alignment evolution in the OTTC model during training for 40 epochs without freezing
OT weights prediction head (o predictor). On the x-axis, each pixel corresponds to one audio frame,
while the y-axis represents the epoch. Frames grouped by tokens are shown in alternating colors
(yellow and dark blue), with the boundaries of each group highlighted in light blue/green. One can
note that during the initial phase of training, there is significant left/right movement of boundary
frames for all groups. As training progresses, the movement typically stabilizes to around 1-2 frames.

learning tools (e.g., pronunciation feedback), and real-time captioning systems (e.g., enhanced syn-
chronization for accessibility). The proposed methodology also advances sequence modeling by
introducing a more interpretable alignment mechanism.

However, responsible deployment remains essential. The current trade-offs in transcription accuracy
must be carefully considered before applying this approach in high-stakes scenarios. Additionally,
as with all ASR technologies, there is a risk of biased performance across different demographic
groups or speaking styles. Future work should address these concerns by incorporating fairness and
robustness considerations. The interpretability gained from a single, learned alignment path may also
support transparency and error analysis.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Our proposed OTTC loss significantly outperforms CTC and CR-CTC base-
lines on alignment metrics.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Please see Section[Bl

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Please see detailed proofs for all propositions in Section[A.T]
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Please see experiment section [3}
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:
Justification: The code will be open-sourced after publication.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Please see experiment section [5]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: Not applicable for relevant experiments on automatic speech recognition.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:
Justification: The authors have not provided this information at the current stage.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The paper raises no ethical concerns and complies with the NeurIPS guidelines.
No high-risk applications or data are involved, and fairness and privacy considerations are
acknowledged where applicable.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The authors include a “Broader Impacts” section that discusses potential
benefits and risks in the appendix.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The models released do not pose potential for misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All datasets and code used are properly cited, and licenses are referenced.
There is no evidence of license violations.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Any new assets introduced include usage instructions, and documentation
appears sufficient for independent use.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: There are no experiments related to crowdsourcing and research with human
subjects.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: There is no research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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1067 16. Declaration of LLLM usage

1068 Question: Does the paper describe the usage of LLMs if it is an important, original, or
1069 non-standard component of the core methods in this research? Note that if the LLM is used
1070 only for writing, editing, or formatting purposes and does not impact the core methodology,
1071 scientific rigorousness, or originality of the research, declaration is not required.

1072 Answer: [NA]

1073 Justification: [NA|

1074 Guidelines:

1075 * The answer NA means that the core method development in this research does not
1076 involve LLMs as any important, original, or non-standard components.

1077 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
1078 for what should or should not be described.
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