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Abstract
Text-to-Text Transfer Transformer (T5) has recently been con-
sidered for the Grapheme-to-Phoneme (G2P) transduction. As
a follow-up, a tokenizer-free byte-level model based on T5 re-
ferred to as ByT5, recently gave promising results on word-level
G2P conversion by representing each input character with its
corresponding UTF-8 encoding. Although it is generally under-
stood that sentence-level or paragraph-level G2P can improve
usability in real-world applications as it is better suited to per-
form on heteronyms and linking sounds between words, we find
that using ByT5 for these scenarios is nontrivial. Since ByT5
operates on the character level, it requires longer decoding
steps, which deteriorates the performance due to the exposure
bias commonly observed in auto-regressive generation models.
This paper shows that the performance of sentence-level and
paragraph-level G2P can be improved by mitigating such expo-
sure bias using our proposed loss-based sampling method.
Index Terms: grapheme-to-phoneme conversion, phonetic
transcription, ByT5, exposure bias

1. Introduction
Grapheme-to-phoneme (G2P) transduction is essential for var-
ious applications that require phonetic lexicon, including auto-
matic speech recognition (ASR) [1] and text-to-speech synthe-
sis (TTS) [2]. There are two primary types of G2P tasks: word-
level and sentence-level. In word-level G2P, the goal is to pre-
dict the pronunciation of a single word, whereas sentence-level
G2P1 involves predicting the pronunciations of all the words in
a sentence. The latter is a more challenging task as it requires
modeling context-dependent pronunciation variations of words
(i.e., heteronyms) and linking sounds between words, making it
more suitable for real-world applications.

With the recent advancements in deep learning,
transformer-based encoder-decoder language models, such as
the Text-to-Text Transfer Transformer (T5) [3], have emerged
as a powerful tool for the G2P conversion [4, 5, 6] where
they learn to map input sequences (i.e., graphemes) to their
corresponding output sequences (i.e., phonemes). Particularly,
ByT5, a byte-level model based on T5, has been introduced
as a token-free language model representing each character in
a sequence with its corresponding UTF-8 encoding. Previous
research shows that ByT5 gives promising results on word-level
G2P conversion [6], outperforming traditional token-based
models. In this paper, we take a step towards extending ByT5
to the sentence-level G2P conversion.

∗Equal contribution
†Corresponding author

1For simplicity, sentence-level refers to both the sentence and
paragraph-level (i.e., more than one sentence) G2P transduction.

However, despite their remarkable performance,
transformer-based models are affected by exposure bias,
which is a fundamental issue in auto-regressive generation
models [7]. This problem arises due to the discrepancy between
the maximum likelihood training (also referred to as teacher
forcing [8]) and the generation procedure during inference [9].
As a result, errors can accumulate and propagate throughout
the generation process, leading to a significant decrease in
performance as the decoded sequence becomes longer.

We show that due to the aforementioned exposure bias, the
performance of ByT5 significantly deteriorates when applied to
sentence-level G2P tasks due to the model’s character-level op-
eration, which leads to longer decoding sequences. This paper
proposes a loss-dependent sampling method that builds upon
a previously proposed two-pass decoding strategy [10] used
to mitigate the exposure bias in Natural Language Processing
(NLP). Our method involves identifying positions in the se-
quence with a high probability of wrong prediction by calcu-
lating the cross-entropy loss for each position. The positions
with higher loss values are then sampled more frequently during
training, in which their predictions are replaced into the ground
truth phoneme sequence before inputting into the decoder. By
sampling the positions in the sequence where errors are likely to
occur during training, the proposed technique allows the model
to learn from these errors and improve its ability to correct them.
During this process, we use an adaptive sampling ratio deter-
mined by the Phoneme Error Rate (PER) of the previous epoch
to determine the number of desired replacements adaptively.

With extensive experiments, we show that our loss-
dependent sampling method improves the overall performance
on our curated English G2P benchmark and quantitatively
shows the reduction of exposure bias using the recently pro-
posed metric [9]. Moreover, we present some examples show-
ing improved phoneme prediction due to the mitigation of ex-
posure bias and improved heteronyms prediction over the word-
level G2P ByT5.

2. Related work
2.1. Grapheme-to-Phoneme (G2P) Conversion

Early G2P models were based on a pronunciation dictionary,
which looked up the corresponding pronunciation of the let-
ter sequence. However, the size of the dictionary had to be
very large and costly, and even then, they always had limited
coverage with a finite-sized dictionary. Another early approach
was the rule-based model, which determines the pronunciation
of each letter or the subsequence based on a set of pre-defined
phonetic rules [11, 12]. However, designing phonetic rules was
often difficult, and still had difficulties capturing irregularities
or complex rules, which are frequent in natural languages. To
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overcome the limitations of pre-defined phonetic rules, a data-
driven stochastic approach that can mitigate complicated pho-
netic rules from the large dataset was widely used [13, 14, 15].
These approaches usually involve weighted finite state trans-
ducers (WFST) [16, 17].

Over time, the G2P conversion studies have shifted to
deep learning-based methods [4, 5, 6, 18, 19, 20]. Recently,
transformer-based language models have emerged as a powerful
tool for the G2P conversion [4, 5, 6] due to their effectiveness
in modeling long-term dependencies in sequential data. No-
tably, the Text-to-Text Transfer Transformer (T5) [3], which has
gained attention due to its impressive performance on various
NLP tasks, has been widely adapted for the G2P task [5].

2.2. Token-Free Language Model

Recently, token-free models that do not use word tokens have
been emerging in NLP, and ByT5 [21] has shown significantly
better performance than traditional T5 models by using UTF-
8 encoding as input. Because it does not use tokens for cor-
responding words or subwords, token-free models can process
any language, even with unknown vocabulary. This makes it
possible to handle a wide variety of languages with high perfor-
mance, compared to mT5 [22] using multilingual vocabulary
embedding. Zhu et al. [6] has used this advantage for multilin-
gual G2P conversion using ByT5.

2.3. Exposure Bias

Despite their significant achievements, transformer-based mod-
els suffer from exposure bias, a fundamental problem of auto-
regressive natural language generation models [7]. Exposure
bias is explained to occur due to the discrepancy between train-
ing and test-time generation. During training, the model is
trained based on the ground-truth data distribution. On the
other hand, the model generates the next token during test time
based on the prefix sequences sampled from the model itself.
As a result, the error can propagate and accumulate through-
out the generation process, leading to a critical degradation in
performance, especially when the decoding sequence becomes
longer [23]. There have been several attempts to resolve expo-
sure bias in auto-regressive sequence generation model. One
way to tackle the problem is to replace or perturb the ground-
truth sequence [10, 24]. Some authors claim that the error accu-
mulation can be solved with better decoding methods [25, 26].
Other attempts found the fault in maximum likelihood estima-
tion (MLE) method and took non-MLE based approaches in-
cluding reinforcement learning [27, 28] or generative adversar-
ial networks [29], while He et al. [30] questions the impact of
exposure bias in MLE training.

While it has been an active discussion on whether exposure
bias really matters or not, Arora et al. [9] have brought up a
quantifiable definition of exposure bias and showed the accu-
mulation of error due to the exposure bias actually exists during
natural language generation.

3. Loss-based Sampling
G2P is a sequence-to-sequence task where the input sequence
(i.e., grapheme) X = [x0, x1, x2, ..., xn] is transformed to an
output phoneme sequence Y = [y0, y1, y2, ..., yt] through a
mapping model pθ , parameterized by θ, in which case we con-
sider using the ByT5 [6].

The training of pθ is usually done via teacher forcing.
The basic idea behind teacher forcing is to train the decoder

Figure 1: Our proposed loss-dependent sampling technique.
The sampling method identifies positions in the sequence where
errors are more likely to occur based on their cross-entropy
loss values. By emphasizing these positions during training, the
model is encouraged to pay more attention to them, resulting in
improved accuracy of the predicted sequence during testing.

to predict the next phoneme in a sequence given the previous
phonemes (context) in that sequence. More formally, the model
is trained by minimizing the negative log-likelihood for a given
batch B,

θ∗ = argmin
θ

−1

|B|
∑

(X,yt
0)∈B

t∑

i=0

log pθ(yi|yi−1
0 ;X), (1)

where yi is the phoneme generated at step i, and yi−1
0 is the

context at time step i. During inference, however, the simplest
strategy for generating a target sequence is to auto-regressively
sample a sequence. That is, at each step i, pick the most proba-
ble phoneme ŷi = argmax pθ(·|ŷi−1

0 ;X). The process carries
on until either the sequence length limit is attained, or a unique
token representing the end of the sequence (EOS) is produced.

Due to this discrepancy between the training objective and
inference generation procedure, also referred to as exposure
bias, auto-regressive generation models show degraded perfor-
mance especially as the sequence of the decoding gets longer.

3.1. Loss-Based Sampling for Exposure Bias Mitigation

Previous work proposed a sampling-based training which in-
volves a two-pass decoding strategy where they randomly mix
the gold target sequence with the predicted sequence to miti-
gate the exposure bias [10]. However, to give positions in the
sequence where there is a high probability of wrong prediction
during training, we propose a loss-based sampling method (Fig-
ure 1).

The method involves several steps, starting with inputting
the ground truth phoneme sequence and obtaining the predicted
phoneme probability distribution for each time step i ∈ [0, t],

[pθ(·|y−1
0 ;X), pθ(·|y0

0 ;X), ..., pθ(·|yt−1
0 ;X)]. (2)

We then calculate the cross-entropy loss between each of
the probability distributions with the one-hot encoding of the
ground truth phoneme (note that we do not collect gradients
during this step).

[H(po, pθ)0,H(po, pθ)1, ...,H(po, pθ)t], (3)
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where H(po, pθ)i = CrossEntropy(onehot(yi), pθ(·|yi−1
0 ;X)).

Next, we normalize the cross-entropy loss to obtain a cat-
egorical distribution. From the distribution, we randomly sam-
ple a specific number of time steps without replacement, creat-
ing a mask to determine whether to replace each ground truth
input with its corresponding prediction. During this sampling
process, we use an adaptive sampling ratio specified by the
Phoneme Error Rate (PER) of the previous epoch to determine
the number of desired replacements adaptively. The replaced
sequence obtained from the loss-based sampling is once again
used as the decoder input. Because the second prediction is
generated based on its prediction randomly sampled, the result-
ing output can reflect the auto-regressive behavior. The cross-
entropy loss calculated from the second prediction is our final
loss and is used for backpropagation.

The loss-based sampling technique we proposed allows the
model to focus during training on positions in the sequence
where errors are more likely to occur. By doing so, it can learn
from these errors and improve its ability to correct them. This
results in improved performance on longer inputs during test-
ing, demonstrating the effectiveness of our approach.

3.2. Evaluation of Exposure Bias

Arora et al. [9] suggested using the time accumulation of the ex-
pected per-step prediction losses. During the evaluation, the de-
coder generates the predicted phoneme probability distribution
pθ(ŷi|ŷi−1

0 ;X) at each step i, based on the previous phoneme
sequence ŷi−1

0 produced by the decoder. The predicted distri-
bution is compared with the true distribution po(ŷi|ŷi−1

0 ;X) to
yield the per-step auto-regressive prediction loss:

lAR
i (X) = DKL(po(ŷi|ŷi−1

0 ;X) || pθ(ŷi|ŷi−1
0 ;X)) (4)

=
∑

ŷi∈P

po(ŷi|ŷi−1
0 ;X) log

po(ŷi|ŷi−1
0 ;X)

pθ(ŷi|ŷi−1
0 ;X)

, (5)

where P is the set of phonemes. The loss is averaged over the
evaluation set De to approximate the expected per-step auto-
regressive loss:

LAR
i ≈ 1

|De|
∑

(X,yt
0)∈De

lAR
i (X). (6)

Similarly, the per-step teacher forcing losses are obtained by
replacing ŷi−1

0 with the ground-truth phoneme sequence yi−1
0 ,

thereby assuming the absence of exposure bias,

LTF
i ≈ 1

|De|
∑

(X,yt
0)∈De

lTF
i (X, yt

0), (7)

lTF
i (X, yt

0) = DKL(po(ŷi|yi−1
0 ;X) || pθ(ŷi|yi−1

0 ;X)). (8)

Then [9] proposed the metric AccErr≤(l), defined as the accu-
mulation of the expected auto-regressive prediction loss relative
to the expected teacher forcing loss until step l,

AccErr≤(l) = l ×
∑l

i=1 L
AR
i∑l

i=1 L
TF
i

. (9)

The metric is known to have values between l and l2 under the
proper assumption. The value of l implies the absence of expo-
sure bias for sequences of lengths up to l. On the other hand,
a high deviation of AccErr≤(l) from l implies a high exposure
bias for sequences of length l. In the worst-case scenario, the
metric grows quadratically with the phoneme sequence length.

Figure 2: Plot of accumulated error up to length l
(AccErr≤(l) = l) w.r.t. l. The Expected Error curve repre-
sents the ideal case with no exposure bias.

4. Experimental Settings
4.1. Dataset and Model

TIMIT [31] is a widely used corpus for speech processing
tasks such as automatic speech recognition and text-to-speech.
TIMIT contains 6300 spoken sentences, 10 by each of the 630
speakers from 8 major dialect regions of US English. TIMIT
provides time-aligned orthographic and phonetic transcription,
which can be used for labels in G2P conversion. In order to train
and evaluate on the sentence-level G2P, we randomly concate-
nate up to 3 sentences during training. For the test set, we create
two subsets, Testsetshort and Testsetlong , which contain sen-
tences concatenated up to 3 and 5, respectively. For the model
selection, we used ByT5, a token-free model among variants
of T5 [21]. For all experiments, we finetune the pre-trained
word-level G2P models2 [6] based on ByT5-small, which
has about 300M parameters.

4.2. Training Details

We use AdamW optimizer [32] with β1 = 0.9, β2 = 0.999,
ϵ = 10−8, and weight decay λ = 5 × 10−3. The learning
rate is set to 10−5, and the batch size is 32 for all experiments.
We use gradient clipping with a 5.0 maximum gradient. The
fixed sample ratio is chosen by grid search {0,1.0.3, 0.6, 0.9},
and the best ratio is independently selected for each experiment.
The best model is selected by the lowest loss on the validation
set. All experiments were done on NVIDIA Quadro RTX 8000.

5. Results
5.1. Experiment Results

Table 1 shows the Phoneme Error Rate (PER) and Word Error
Rate (WER) of various sampling methods on different decoding
strategies (greedy search and beam search) on the two groups
of test set we created (i.e., Testsetshort and Testsetlong). The
naive two-pass decoding-based sampling method (uniform sam-
pling) performs better than the teacher-forcing baseline. Our
loss-based sampling method gives better results than the uni-
form sampling for both the fixed and adaptive sample ratio set-
tings. Our loss-based sampling with adaptive sample ratio on
Testsetlong obtained 21.99% with greedy search and 21.50%
with beam search, outperforming teacher forcing baseline by
2.11%p and 2.15%p, respectively.

In Figure 2, we analyze the exposure bias on teacher forc-
ing baseline and our loss-based adaptive sampling method by
plotting the accumulated error with the expected error base on

2https://github.com/lingjzhu/CharsiuG2P
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Model \Decoding Strategy
Testsetshort (1-3 sentences) Testsetlong (4-5 sentences)

Greedy search Beam Search Greedy search Beam Search
PER WER PER WER PER WER PER WER

Teacher forcing(baseline) 17.70 49.42 17.33 48.54 24.10 55.66 23.65 54.85
Training with sampling method
fixed sample ratio
· Uniform sampling 16.07 48.69 15.95 47.97 22.25 54.40 21.98 53.50
· Loss-based sampling(ours) 15.77 47.75 15.72 47.31 22.65 55.81 21.73 53.73
adaptive sample ratio
· Uniform sampling 16.18 47.94 15.71 46.90 22.43 54.52 22.15 53.67
· Loss-based sampling(ours) 15.64 47.62 15.56 46.50 21.99 54.29 21.50 53.41

Table 1: Comparison of PER (%) and WER (%) (lower is better) on the created test sets using TIMIT (Testsetshort, Testsetlong).
For beam search, the number of beams is set to 3. The values reported are the average of three runs with different random seeds.

Figure 3: Examples of G2P conversion using greedy decoding
for baseline and our method.

Section 3.1. The difference with the expected error is signifi-
cantly reduced compared to the baseline due to our loss-based
sampling method effectively mitigating the exposure bias.

5.2. Comparison of G2P Quality

Figure 3 shows a comparison of the phoneme predictions for
a given Grapheme between a baseline and our model. In the
first example, the baseline model fails to complete the predic-
tion and terminates early, while our proposed model accurately
predicts the full sequence. This demonstrates the superiority
of our model in handling long input sequences and producing
more accurate predictions. In the second example, the baseline
model continues generating phonemes beyond the true length of
the sequence while our model produces the correct number of
phonemes. This further confirms the effectiveness of our pro-
posed model by avoiding unnecessary phoneme generation.

5.3. Heteronyms: Context Dependency

Heteronyms are words that are spelled the same but have dif-
ferent pronunciations and meanings depending on the con-
text. Word-level G2P systems cannot understand the context in
which the word is used, limiting their capability of disambiguat-
ing heteronyms. On the other hand, sentence-level G2P systems
can analyze the whole input sequence to determine the correct

Figure 4: Examples of heteronyms predictions using word-level
and sentence-level G2P system (Ours).

pronunciation for heteronyms. Figure 4 illustrates some exam-
ples of heteronym predictions in which it demonstrates that the
previously proposed word-level ByT5 [6] is unable to disam-
biguate the phoneme in contrast to our sentence-level ByT5.

6. Conclusions
We find that ByT5 G2P performance for longer decoding se-
quences in sentence or paragraph-level G2P tasks is sub-optimal
due to exposure bias. However, the proposed loss-based sam-
pling method has been found to mitigate this problem and im-
prove the performance of sentence and paragraph-level G2P us-
ing ByT5. These findings highlight the potential for further im-
provements in G2P conversion using transformer architectures.

7. Limitation
Our research on sentence and paragraph-level G2P conversion
was limited by the need for high-quality phoneme-labeled data
incorporating contextual information and linking sounds. The
TIMIT dataset has human-labeled phonemes for text utterances
but may reflect pronunciation specific to particular dialects. De-
spite these limitations, our study proposes a novel approach to
sentence-level G2P that can address some of these challenges
and provides valuable insights for future research.
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