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Low-resource languages often underperform on natural language processing tasks when com-
pared to high-resource languages due to their limited amount of data. In particular, super-
vised speech translation tasks require parallel language data in the form of source language
audio paired with target translation language text, which is very difficult to obtain for lan-
guages which already lack abundant resources. Given a low-resource language, we study the
effects of incorporating high-resource language data with the low-resource language data in
the training of low-resource speech translation models. We choose the high-resource lan-
guage by selecting one which is the closest in the phylogenetic language family tree to the
low-resource language, in this case focusing on the high-resource language of Welsh and low-
resource language of Irish. By exploring the effects of incorporating the Welsh data with
the Irish data through various data scheduling configurations, we find that data schedules
which utilize both Welsh and Irish data bolster performance on the naturalistic Irish dataset.
However, when the Irish dataset is augmented with synthetic data, it is more beneficial to

solely use the Irish data.
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GLOSSARY

AUTOMATIC SPEECH RECOGNITION: A task which converts from a speech audio signal
into written text.

CURRICULUM LEARNING: A machine learning technique in which the model is trained
on examples which get progressively more difficult as training progresses, inspired by
human learning progression in education.

LOW-RESOURCE LANGUAGE: A language which lacks the parallel data at scale needed
for standard supervised learning.

PYHLOGENETIC DISTANCE: A measure of how closely related a given two languages are
based on their ancestral family tree.

SPEECH TRANSLATION: A task which converts from speech in one language in one lan-
guage to text in another language.
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Chapter 1

INTRODUCTION

Speech translation aims to convert speech from a source language into the text of a
target language. In doing so, it not only converts from audio signal to written text but
also converts from one language to another. This is highly useful in cross-lingual contexts,
improving communication and accessibility across linguistic barriers. It is used in many
applications today where the source and target languages are different, including meeting
subtitling, clinical healthcare documentation, and voice assistants. As such, low latency and

high accuracy are paramount in this task.

In cases where both the source and target languages have large amounts of data, speech
translation has high accuracy. However, performance is significantly lower in cases where at
least one of the languages is low-resource due to data scarcity. In low-resource settings, there
is not enough parallel language data to properly train the traditional supervised models used
for speech translation. Using the conventional models and methods results in low accuracy,
leading to poor usability and adoptability by downstream applications. Thus, alternative
approaches apart from the conventional must be taken in order to produce a viable speech

translation model for low-resource languages.

In this thesis, we investigate if introducing data from a high-resource language phylo-
genetically similar to a low-resource language in the training process of end-to-end speech
translation models can improve performance on low-resource languages. Given the vector
representation of a low-resource language, we find its close neighbors based on phylogenetic
distance and choose the closest neighbor which is high-resource. We go over past related

work in this domain which motivates this approach in Chapter 2.

In Chapter 3, we detail our experiment methodology. At a high level, we aim to ex-



plore the incorporation of high-resource language data in the model training process within
several different configurations: transfer learning where the model is first trained on the
high-resource language and then trained on the low-resource language, a static 50%/50%
split between the high-resource language data and the low-resource language data, and data-
driven curriculum learning. For data-driven curriculum learning, we start training with the
data from the high-resource language. As the training process progresses, we introduce the
data from the low-resource language through a data scheduler.

Overall, through our conducted experiments and analysis presented in Chapter 4 and
Chapter 5, we find that utilizing data from high-resource phylogenetic neighbors can improve
low-resource language performance, but in limited contexts. In Chapter 6, we summarize our
findings into conclusions and present directions for future work. This includes expanding our
study to more language pairs and performing targeted experimentation to determine dataset

influence over phylogenetic mixed language data scheduling effectiveness.



Chapter 2

LITERATURE SURVEY
2.1 Speech Translation Models

Traditionally, speech translation is done using a cascaded, modular approach where a first
component transcribes from source language audio to source language text and a second
component takes the source language text output of the first component and translates it to
target language text [28]. However, this means that any errors from the transcription step
will get propagated to the translation step, as the translation step does not have the direct
context of the source audio to help with error correction.

More recently, there has been an emphasis on the direct end-to-end approach to speech
translation, focusing on a single model which directly takes the source language audio as
input and outputs the target language text [6]. Avoiding the distinct separate steps of
transcription followed by translation allows the model to have access to the source audio
when deciding the final target text, which helps the output more accurately capture features
present in the audio such as prosody [33]. Furthermore, this avoids the cascaded transcription
model to translation model error propagation issue as there are no longer separate distinct
modules for transcription and translation. Not only does this end-to-end approach improve
accuracy, but also latency as we no longer require a cascading system where one module
must complete before the next one can start [26].

There are multiple different model architectures for end-to-end speech translation today.
The traditional transformer-based encoder-decoder architecture used for automatic speech
recognition can be extended to bridge across languages to perform speech translation, where
the source language audio is encoded and the target language text is decoded. An example

of this is Whisper [18], a weakly supervised model trained on 680,000 hours of multi-task



audio to perform automatic speech recognition and speech translation tasks. The source
audio’s log-Mel spectrogram is processed by Whisper’s speech encoder and is decoded into
text with the help of task and source language decoder prompt tokens. Another example is
SeamlessM4T-v2 [4], a massively multilingual and multimodal end-to-end speech translation
model for multiple language pairs of the shared task. It supports speech-to-speech, speech-to-
text, text-to-speech, and text-to-text translation. For speech-to-text translation, the model
encodes the audio waveform using w2v-BERT 2.0 [4] and a length adapter, aligning acoustic
features with text tokens. The No Language Left Behind (NLLB) transformer decoder [15]
then generates the translated text.

Besides encoder-decoder models, recent research has invested in speech large language
models (LLMs), which are pre-trained LLMs extended to process speech. One such model
is AudioPaLM [22], a fusion of text-based and speech-based language models. The model
uses self-supervised speech encoders and neural audio codecs to take the input audio as a
continuous representation and transform it to a discrete representation which can then be
used as input into the pre-trained decoder-only LLM. As LLMs have already been proven
to have very good text-to-text translation capabilities, they are able to learn and produce
reasonably accurate mappings from the source audio tokens to the target language text

output.

2.1.1 Low-Resource Speech Translation Models

In high-resource language settings, the traditional cascaded approach for speech translation
typically works well out-of-the-box, as the automatic speech recognition step is already gen-
erally highly accurate and leaves little error to propagate to the translation step. However,
when the source language is low-resource, upstream transcription errors are more frequent
and thus more likely to impact the downstream translation. Ambiguity from the first tran-
scription step is lost, as its output must be passed sequentially directly to the second trans-
lation step. For high-resource languages where the original language transcription does not

have much ambiguity, this is less important, but for low-resource languages, ambiguity in its



original transcription is significant and thus this is more important.

Sonawane [25] investigated creating robust cascaded systems for the 2026 International
Workshop on Spoken Language Translation (IWSLT) low-resource speech translation task,
focusing on the Bhojpuri to Hindi and Irish to English language pairs. Through evaluation of
multiple automatic speech recognition models and translation routing strategies, they found
that cascaded pipelines for those language pairs require careful design, as the accuracy of
the transcription step is the decisive factor in end-to-end performance.

In previous iterations of IWSLT on the same shared task, Robinson [21] and Meng [13]
both fine-tuned an end-to-end model, SeamlessdMT-v2 [4], for multiple low-resource lan-
guages. In both cases, they found that fine-tuning improves performance only on languages
which the model was exposed to during training. As such, they concluded that the best-

performing approach varies based on the specific language pair and the model being used.
2.2 Curriculum Learning

Curriculum learning is a model training technique used to train neural networks which is
inspired by human education [5]. The model is trained starting with simple examples and
difficulty is gradually introduced, which can be done either at the task or the data level.
Curriculum learning is especially useful for low-resource settings, as it makes the best use
of the limited data available and helps avoid overfitting. In contrast with transfer learning
[16], where a model already trained for one task is used as the starting point for a new
related task, curriculum learning focuses on the order and difficulty of the examples that are
introduced to the model during the training process.

Curriculum learning has been applied to improve the performance of end-to-end speech
translation models, typically at the task level. For example, in Du [11] the model is first
trained on the “easiest” task of transcribing from the source audio to the source language
text, then is trained on the “intermediate” task of translating from the source audio and
the source language text to the target language text, and finally is trained on the “hardest”

task of producing the source language text and target language text from the source audio.



They found that with this technique, less than 10 hours of speech audio for each language
was needed to achieve state-of-the-art performance for low-resource settings. In another
case, Wang [30] found that a combination of both transfer learning and curriculum learning
is ideal for training speech translation models, as they employed a task-based curriculum

pre-training method which led to significant speech translation performance improvement.
2.3 Language Vector Representation

While the data for low-resource languages is scarce, each language has additional charac-
teristics besides its audio and written data that can be leveraged. These include features
such as language syntax, geographical location, and phonology, which can be represented as
language-specific vectors such as in lang2vec [12]. This language vector representation allows
us to calculate the distance between vectors, revealing other languages which are linguisti-
cally similar in various aspects to a given low-resource language. This gives us additional

context that could help improve low-resource language task accuracy.



Chapter 3
METHODOLOGY

3.1 Language Selection

3.1.1  Translation Target Language

For the speech translation task, we focus on instances where the source language is low-
resource and the target language is English. There are several reasons for doing so, one
of which is that the Whisper model, which we use in our experiments and is detailed in
Subchapter 3.3, only supports speech translation where the target language is English. Fur-
thermore, having the final output as English text also enables the evaluation to be done
using the standardized metrics (detailed more in Subchapter 3.5) which are used to measure

performance against the baseline in shared tasks such as those from IWSLT [24].

3.1.2  Source Low-Resource and High-Resource Languages

We leverage the low-resource language datasets from the 2026 International Workshop on
Spoken Language Translation (IWSLT') [24], which has a shared task for low-resource speech
translation. For training and validation, these datasets take the form of low-resource lan-
guage speech audio paired with their corresponding English text translations. For testing,
the datasets consist of the low-resource language speech alone. The IWSLT 2026 shared task
datasets which have the target language of English include the low-resource source languages
of Bemba, Central Kurdish, Irish, Igho, Hausa, Catalan, and Yoruba.

Of these low-resource languages, we select one which can be paired with a high-resource
language using the process detailed as follows. Using lang2vec [12] where each language

is represented by a vector of a combination of geographical, phylogenetic, and typological



features, we select the high-resource language which is closest in similarity to our low-resource
language. This is done through the URIEL knowledge base [12], which includes distance
measures between the lang2vec vectors for 4005 languages. These distance measures include

geographical, phylogenetic, and typological distances.

We focus on phylogenetic distance, which measures how close two given languages are
in the language family tree, looking at historical lineage. We choose this distance metric
with the hypothesis that knowing a high-resource language, which shares common historical
derivations with a low-resource language, gives us an advantage in learning the low-resource
language. Given a low-resource language vector, we use URIEL to find its closest neighbors
based on phylogenetic distance and choosing the closest neighbor which is high-resource. We
define high-resource languages by their presence in standard large-scale multilingual speech
datasets for speech translation, such as CoVoST 2 [12] which is detailed in Subchapter 3.2.1.
This high-resource language should have sufficient data for the model to perform reasonably

well on it.

Following the above process, we select the low-resource language of Irish and the high-
resource language of Welsh for our experiments, which have a phylogenetic distance of 0.375
(where distances range from 0 to 1, with 1 being the most distant) between them. The 2022
Ireland census revealed that 1.8 million people were able to speak Irish; however, only about
72,000 people spoke Irish daily outside of the education system [7]. On the other hand,
in the Wales census in 2021 about 538,000 residents spoke Welsh, but over half of them
spoke it daily [31, 32|, meaning that there were noticeably more daily active community
speakers for Welsh than Irish. Irish and Welsh both belong to the Insular Celtic branch of
the Indo-European language family [23]. However, Irish is on the Goidelic sub-branch while
Welsh is on the Brittonic sub-branch. These sub-branches are primarily differentiated by the
evolution of the *k® sound, as Goidelic shifted it to /k/ while Brittonic shifted it to /p/.



3.2 Datasets

3.2.1 High-Resource Dataset

We use CoVoST 2 [12] as the high-resource language dataset. This dataset is an industry
standard today as the current largest open-source dataset of its type, and contains paired
data for 21 languages’ audio and their corresponding English text translations. The audio
originates from Mozilla Common Voice 4.0 [2] and the translations were determined through
the work of human professional translators passed through automated sanity checks. Of this
dataset, we only use the data from the selected high-resource language of Welsh. The Welsh
portion of this dataset consists of 2,624 audio clips and their corresponding English text

translations with a 1,242/691/691 train/validation/test split, totaling 3 hours worth of data.

3.2.2  Low-Resource Dataset

As mentioned in Chapter 3.1, we use the Irish to English dataset from the IWSLT 2026
shared task for low-resource speech translation [24]. The original dataset consists of around
13 audio hours from 9,320 audio clips translated into English text, with a 7,478/1,120/722
train/validation/test split. Each audio clip corresponds to one spoken sentence. The audio
was derived from the news domain, books, Mozilla Common Voice 4.0 [2], and the Living-
Audio-Dataset®. Details of how the English translations were determined were not provided.

In addition to the original dataset, IWSLT also provides access to 196 hours of synthetic
data for training, which is given as 86,324 Irish audio clips and their corresponding English
translations. This dataset was created by taking text datasets from OPUS [27]. These
OPUS datasets are EUbookshop, which is a body of publications from from various European
institutions, Tatoeba, which is a crowdsourced database of sentences and translations, and
Wikimedia, which is a collection of sentences from Wikipedia. Moslem [14] then synthesized

the audio from these text datasets using Azure Speech.

thttps://github.com/Idlak/Living-Audio-Dataset
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Putting both the naturalistic and synthetic datasets together, the Irish to English dataset
consists of approximately 209 hours of audio speech data and the corresponding English
text translations. We add the synthetic data to the training partition of the combined
dataset, yielding a combined 93,802/1,120/722 train/validation/test split. We run two sets
of experiments, each with different low-resource datasets: one set purely using the naturalistic

dataset and one set utilizing the combined naturalistic and synthetic dataset.

3.3 DModel

indeed

T

Cross-attention ———> Decoder

Encoder

T <lIstartoftranscriptl> <lenl> <ltranslatel> <Inotimestamps> [ am

| Spectrogram converter |

Vi

Input audio

Figure 3.1: High-level Whisper model architecture. Components shown in blue are frozen
during fine-tuning, excluding layer normalization.

We use the standard pre-trained transformer-based encoder-decoder multilingual Whisper
model [18], as it is an industry standard baseline today. Whisper has been trained on 680,000
hours of multilingual audio from the internet and can perform transcription, translation,
language identification, and voice activity detection. Out of these 680,000 hours, 125,739
(18.5%) are data for translation from various source language audios to English, with the top

five source languages being Korean, Chinese, Japanese, Welsh, and Russian. Specifically, the
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Welsh data accounts for 8,263 of these hours, making up approximately 6.6% of the speech
translation dataset. We opt to use the Whisper-small model which includes 244 million
parameters, a size which is large enough to learn meaningful acoustic features but yet small
enough to fine-tune on limited compute resources.

To perform speech translation to the English language with Whisper, the task token
must be set to “translate”, which is shown in Figure 3.1. Because Whisper does not natively
support the Irish language, the source language token is set as “en” as a placeholder across
all experiment runs. Setting this token as “en” means that the decoder is conditioned on
English language priors, which allows us to evaluate how well the model is able to map
Irish acoustic features through the decoder in a zero-shot manner. We choose to use English
as the language token, as English dominates the pre-training dataset and thus its decoder
embeddings are the richest and most robustly trained.

As this model is already pre-trained, we utilize transfer learning across all of our experi-
ments by using the model out-of-the-box and fine-tuning it. We fine-tune using one GPU per
experiment. The GPUs used vary among NVIDIA GeForce RTX 2080 Ti, L.40, L40S, A100,
and T4 depending on availability. The fine-tuning is done through various data scheduling
configurations, which are detailed in Chapter 3.4.2.

3.3.1 Frozen Decoder

As Whisper is a pre-trained model, it has already learned a general representation of the
patterns in acoustic and textual language data that it has been trained on, as represented
by its learned model parameter values. Naively fine-tuning the pre-trained model will cause
the parameter values to be overwritten and potentially lead to catastrophic forgetting, un-
dermining the benefits of using a pre-trained model in the first place.

Stickland [9] experimented with several configurations of freezing various parts of an
encoder-decoder model for machine translation and found that specifically for language pairs
that have an English target language, the highest performance is achieved when encoder-

decoder attention and layer normalization are unfrozen and the rest of the decoder is frozen.
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We apply these findings to the model configuration in our experiments, namely keeping
the entire encoder unfrozen, the encoder-decoder attention unfrozen, and the decoder layer
normalization unfrozen while freezing the rest of the decoder parameters. This is shown
visually in Figure 3.1, where components in blue are frozen during fine-tuning, excluding

layer normalization.

3.3.2  Hyperparameters

Parameter Value
Learning rate 5%107°
Maximum generated length 225
Label smoothing factor 0.1
Weight decay 0.0
Number of beams 1
Number of warmup steps 1000
Number of high-resource language fine-tuning steps | 5000

Table 3.1: Common experiment model hyperparameters.

We use the hyperparameters as defined in Table 3.1 for all experiments, many of which

are standard across similar Whisper fine-tuning experiments.

For experiments purely using the naturalistic dataset as the low-resource dataset, we use
the step hyperparameters as defined in Table 3.2. The meanings of the step hyperparameters
specific to curriculum schedules A and B are detailed in Chapter 3.4.2. As the introduction
of the synthetic data increases the amount of low-resource training data by more than 16
times, we increase the value of the step hyperparameters accordingly, which is reflected in

Table 3.3.
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Step type Value
Maximum steps 5000
Curriculum schedule A warmup steps 1500
Curriculum schedule A annealing steps | 2000
Curriculum schedule B target steps 500

Table 3.2: Naturalistic experiment model step hyperparameters.

Step type Value
Maximum steps 15000
Curriculum schedule A warmup steps 2000
Curriculum schedule A annealing steps | 5500
Curriculum schedule B target steps 1500

Table 3.3: Synthetic data augmentation experiment model step hyperparameters.

3.4 Experiments

3.4.1 Baseline Experiments

To have an accurate baseline for performance comparison of the effects of the introduction
of the high-resource and low-resource data in the fine-tuning of the model, we conduct a
series of baseline experiments. We first keep all of the Whisper model unfrozen, allowing all
model parameters to be changed and report its results on all data scheduling configurations
as detailed in Chapter 3.4.2. Having this baseline allows us to empirically determine the
usefulness of freezing these model parameters in the context of this particular low-resource

speech translation task.

In addition, we also generate the predictions of the Whisper model straight out-of-the-box
with no fine-tuning, and report the evaluation metrics on these predictions. This allows us
to clearly see if any of the fine-tuning configurations are degrading or improving performance

compared to what Whisper already natively provides.
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3.4.2 Data Scheduling Experiments

Following curriculum learning, we consider data from the high-resource language of Welsh
to be the more “simple” data, as the pre-trained model has already learned the language’s
representations and thus should not have much difficulty with data from that language. As
the training process progresses, we introduce the more “complex” data from the low-resource
language and remove the more “simple” data from the high-resource language through a data
scheduler A(t), where t is the training time step and A(t) is the proportion of low-resource
language data in the training batch at ¢. It follows that 1 — A(¢) is the proportion of high-
resource language data in the training batch at ¢. In these experiments, most of the decoder
parameters are frozen throughout the fine-tuning, as detailed in Chapter 3.3.1.

We fine-tune several versions of the model with various definitions of A(¢) in order to
properly determine the effect of curriculum learning on the model in these settings. Note
that because our low-resource language dataset contains more samples than our high-resource
dataset, we implement a wrap-around strategy, as necessary, when constructing the batches
including the smaller high-resource dataset so that all of the larger low-resource dataset is
still seen while preserving the desired ratio as determined by the value of \(¢).

First, we fine-tune the model purely on the low-resource language data, and thus the

value of t does not affect the value of \(¢):

A(t) =1

Second, we emulate transfer learning during the fine-tuning stage by training the model
first on the high-resource language data and waiting until convergence, then training on the
low-resource language data, where Tyu;en is the time step at which the model converges
on the high-resource language data. The value of Ty, is empirically determined to be
5000, as shown in Table 3.1. The performance trajectory over training for the purely high-

resource language training portion is captured in Figures 4.1 and 4.2. This data schedule is



15

represented by the following;:

07 lft < Tswitch
A(t) =

17 if t 2 Tswitch

\
Third, we fine-tune the model on a static, constant 50%/50% split between the low-
resource language data and the high-resource language data. In this case, the value of ¢ still

does not affect the value of A(¢):

A(t) = 0.5

Fourth, we begin using curriculum learning by increasing A(t) as a linear function with
respect to ¢t within three phases, where T'yqrmqyp is the number of curriculum warmup steps

and Tonneating 18 the number of curriculum annealing steps. We refer to this as curriculum

schedule A:

0.5, if £ < Twarmup

)\(t) = 0.5+ 05(1;7%&)7 if Twarmup <t< Twarmup + Tannealmg

annealing

1

\ , lf t 2 Twarmup + Tannealing

Finally, we utilize curriculum learning with A(¢) as an exponential function which starts
heavily biased towards the high-resource language data and exponentially decays its high-
resource language data proportion in the training batch in favor of low-resource language
data. In the equation below, avis a dynamically-defined hyperparameter and 7Ty, 4¢; is the step
at which only 5% of the data in a training batch should be from the high-resource language.

We utilize a high-resource language proportion threshold of 0.02, meaning that once the



16

calculated proportion of high-resource language is below 2%, we override that proportion to
0% to free the model’s capacity. We refer to this as curriculum schedule B:

o In(10)

ﬂa’/‘get

(

1— 0.5, if 0.5¢= > 0.02
At) =

1, if 0.5e= < 0.02

\
We perform experiments using each of the above data scheduling configurations, once with

a completely unfrozen model using the purely naturalistic low-resource language data (the
baseline experiments), once with a frozen decoder model using the purely naturalistic low-
resource language data (the naturalistic-only experiments), and once with a frozen decoder
model using the combined naturalistic and synthetic low-resource language data (the syn-

thetic data augmentation experiments).

3.5 FEvaluation

We use the COMET [20], BLEU [29], and chrF++ [17] metrics to perform evaluation on the
output English text, which are the same metrics used to evaluate accuracy of the submission
results for the IWSLT 2026 shared task. COMET is a score between 0 and 1 which measures
semantic accuracy, where closeness to 1 is correlated with high quality output aligned with
human judgment. To compute the COMET score, we run inference with our prediction and
reference outputs using the default wmt22-comet-da model [19]. This is a reference-based
regression model built on top of XLM-RoBERTa [8] and trained on human evaluation direct
assessments from the 2017-2020 instances of the Conference on Machine Translation (WMT).
The chrF++ metric ranges from 0 to 100 and captures precision by calculated character-level
n-gram overlaps and adding word-level unigrams and bigrams. Lastly, BLEU ranges from
0 and 100 and performs quality evaluation by counting the number of matching n-grams

between the output and reference texts. Of these metrics, COMET is the highest correlated
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with human judgment, as it accounts for semantic similarity cases such as synonyms and
paraphrasing, while BLEU and chrF++ measure more surface-level exact match. All three
metrics are standard to report in this field today, yielding a comprehensive picture of both
deep and surface-level translation quality.

We report the final values post-finetuning of these evaluation metrics on the low-resource
Irish language validation set for all model versions trained. For BLEU and chrF++ values
for the low-resource language, we also compute the non-parametric bootstrap 95% confidence
interval with 1000 bootstrap resamples over the 1120 validation samples. We do not do the
same for COMET due to its high latency, as its values are computed from model inference.
Furthermore, we present the evaluation results on the official test set for the IWSLT 2026
shared task and compare it to the Irish-English results that were officially submitted to
IWSLT 2026. Note that the official IWSLT 2026 scoring process for Irish did not include the
COMET metric, and thus we only report BLEU and chrF++ values on the test dataset for
comparison.

For reproducibility and reference purposes, the model fine-tuning and evaluation code
is available on GitHub and the trained model weights are available on HuggingFace, as

referenced in Appendix A.
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Chapter 4
RESULTS

We follow the methodology described in Chapter 3 and obtain both quantitative and

qualitative results from our experiments. We present them here for comparison and analysis.

4.1 Quantitative Results

We report the evaluation results on the validation dataset from the baseline experiments
in Table 4.1, frozen decoder naturalistic-only experiments in Table 4.2, and frozen decoder
synthetic data augmentation experiments in Table 4.3. In these tables, the best-performing
BLEU, chrF++, and COMET scores across all data schedules for each set of experiments
are marked in bold.

The trajectories of chrF++ and COMET values on the validation dataset over the train-
ing process for each respective experiment set are shown in Figures 4.1, 4.2, 4.3, 4.4, 4.5,
4.6, 4.7, and 4.8. Along with the evaluation metric trajectories, we also show the start and
end of the linear phase of curriculum schedule A through the dashed vertical lines, giving
us an idea of what the performance looks like with respect to the data schedule. We do
not indicate the target 5% high-resource language step boundary corresponding to curricu-
lum schedule B in the graphs, as the first step interval checkpoint at which we evaluate the
model (step 1250 for the naturalistic-only experiments and step 2500 for the synthetic data
augmentation experiments) is already past this target step. In the tables and graphs, “LR”
refers to low-resource language data and “HR” refers to high-resource language data.

It is worthwhile to note that compared to the overall range of the evaluation metrics,
the scores across all configurations are relatively low compared to high-resource language

speech translation benchmarks today. This highlights the difficulty of this particular low-
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resource language task. We report the 95% confidence interval computed through bootstrap
resampling for the BLEU and chrF++ metrics in order to derive a measure of statistical
significance despite low overall scores. This is shown in the square brackets next to their
respective values.

Our evaluation results on the IWSLT 2026 test dataset are in the same range as the
official IWSLT 2026 submissions for Irish to English speech translation, as shown in Table
4.4 where the values are pulled from the official IWSLT 2026 campaign findings [1]. These
submissions include MTU Primary [25], a cascaded system comprised of a Wav2Vec2 CTC
model [3] trained specifically for Irish ASR and a NLLB-200 model for direct translation
[10], and MTU Contrastive 1 [25], which uses the same setup as the primary but employs a
pivot-based translation technique for NLLB-200 where the transcribed Irish is first translated
to Hindi, then to English. The details of the SLC submission were not made available.

Notably, all of the official IWSLT submissions were under the unconstrained condition,
meaning that the systems could be trained with any resource and were not just constrained
to the datasets provided by the conference organizers. This matches with our system, as we
made use of the Whisper model which was already pre-trained with other datasets and also
utilized the Welsh dataset in addition to the conference’s shared task Irish dataset. As can
be seen from Table 4.4, the best performing configurations we present have an increase of
0.8 points in BLEU and 9.0 points in chrF++ over the best performing official submission
to IWSLT 2026.

Data schedule BLEU chrF++ COMET
Not fine-tuned 0.595 [0.17970.692] 12.189 [11.823, 12.814 0.374

]

Fine-tuned on 100% LR 0.715 [0.426,0.940]  12.630 [12.330,12.940]  0.419
Fine-tuned on 100% HR and then 100% LR 0.674 [0.404,0.913]  12.567 [12.256,12.871] 0.417
Fine-tuned on static 50% LR and 50% HR 1.157 [0.702,1.516] 13.629 [13.154,13.935]  0.419
Fine-tuned on curriculum learning schedule A | 0.846 [0.530,1.095]  13.068 [12.713,13.390]  0.419
Fine-tuned on curriculum learning schedule B | 1.131 [0.771,1.434]  13.464 [13.131,13.795] 0.416

Table 4.1: Baseline experiment results. 95% confidence interval for BLEU and chrF++
shown in the square brackets next to their respective values.
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Data schedule BLEU chrF++ COMET
Fine-tuned on 100% LR 0.515 [0.225,0.875]  12.666 [12.034, 13.020] 0.374
Fine-tuned on 100% HR and then 100% LR 2.625 [1.931,3.008]  17.613 [16.671, 18.104] 0.442
Fine-tuned on static 50% LR and 50% HR 2.899 [2.115,3.271]  18.603 [17.493,19.037] 0.443
Fine-tuned on curriculum learning schedule A | 2.980 [2.351,3.403]  18.496 [17.828,18.982]  0.444
Fine-tuned on curriculum learning schedule B | 3.134 [2.339,3.630] 18.653 [17.674,19.124]  0.443

Table 4.2: Naturalistic-only experiment results.

chrF++ shown in the square brackets next to their respective values.

95% confidence interval for BLEU and

Data schedule BLEU chrF++ COMET
Fine-tuned on 100% LR 9.120 [7.250,9.071] 29.553 [27.774,30.403]  0.538
Fine-tuned on 100% HR and then 100% LR 8.631 [6.837,9.421]  28.986 [27.166,29.707] 0.537
Fine-tuned on static 50% LR and 50% HR 8.716 [6.966,9.475]  29.522 [28.059,30.308]  0.538
Fine-tuned on curriculum learning schedule A | 7.432 [6.320,8.351]  27.426 [26.513, 28.309] 0.518
Fine-tuned on curriculum learning schedule B | 6.833 [5.144,7.522]  27.419 [26.182, 28.140] 0.518

Table 4.3: Synthetic data augmentation experiment results.

BLEU and chrF++ shown in the square brackets next to their respective values.

Data schedule Dataset BLEU chrF++
Not fine-tuned - 0.11 12.0
Fine-tuned on 100% LR Naturalistic | 0.20 12.0
Fine-tuned on 100% LR Combined 3.20 25.0
Fine-tuned on 100% HR and then 100% LR Naturalistic | 1.00 18.0
Fine-tuned on 100% HR and then 100% LR~ Combined 3.10 25.0
Fine-tuned on static 50% LR and 50% HR Naturalistic | 0.90 19.0
Fine-tuned on static 50% LR and 50% HR Combined 3.20 25.0
Fine-tuned on curriculum learning schedule A Naturalistic | 0.80 18.0
Fine-tuned on curriculum learning schedule A Combined 2.60 24.0
Fine-tuned on curriculum learning schedule B Naturalistic | 1.20 19.0
Fine-tuned on curriculum learning schedule B Combined 2.50 24.0
IWSLT 2026: MTU Contrastive 1 - 2.3 15.0
IWSLT 2026: SLC Primary - 2.4 10.0
IWSLT 2026: MTU Primary - 2.4 16.0

95% confidence interval for

Table 4.4: Test results on low-resource language compared to official IWSLT 2026 submis-

sions.
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Figure 4.1: chrF++ metric on high-resource evaluation dataset over high-resource training
portion only of 100% HR and then 100% LR data schedule.
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Figure 4.2: COMET metric on high-resource evaluation dataset over high-resource training
portion only of 100% HR and then 100% LR data schedule.
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Figure 4.3: chrF++ metric on low-resource evaluation dataset over training for 100% LR
naturalistic-only experiment.
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Figure 4.4: COMET metric on low-resource evaluation dataset over training for 100% LR
naturalistic-only experiment.
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Figure 4.5: chrF4++ metric on low-resource evaluation dataset over training for mixed lan-
guage naturalistic-only experiments. Start and end of linear phase of curriculum schedule A
indicated by the dashed vertical lines. Only the LR portion of the 100% HR and then 100%

LR data schedule is depicted.
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Figure 4.6: COMET metric on low-resource evaluation dataset over training for mixed lan-
guage naturalistic-only experiments. Start and end of linear phase of curriculum schedule A
indicated by the dashed vertical lines. Only the LR portion of the 100% HR and then 100%

LR data schedule is depicted.
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Figure 4.7: chrF++ metric on low-resource evaluation dataset over training for synthetic
data augmentation experiments. Start and end of linear phase of curriculum schedule A
indicated by the dashed vertical lines. Only the LR portion of the 100% HR and then 100%
LR data schedule is depicted.
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Figure 4.8: COMET metric on low-resource evaluation dataset over training for synthetic
data augmentation experiments. Start and end of linear phase of curriculum schedule A
indicated by the dashed vertical lines. Only the LR portion of the 100% HR and then 100%
LR data schedule is depicted.
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REF: I don’t want to settle down.

PRED: Nimin nam sa cruxies.

REF': In a report, written by inspectors from the Department
PRED: Idoris, a screve kickery, own Rhine.

REF: Michael D. Higgins has always been independent.
PRED: The Michael D Higgins Reeve Navs Block

Figure 4.9: Sample validation sentence prediction outputs and their references from experi-
ment with no fine-tuning.

REF: I don’t want to settle down.
PRED: I don’t think she is.

REF: In a report, written by inspectors from the Department
PRED: The door is for writing.

REF: Michael D. Higgins has always been independent.
PRED: Mdire had a pig on the nose block.

Figure 4.10: Sample validation sentence prediction outputs and their references from
naturalistic-only fine-tuning on curriculum learning schedule B experiment.
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REF: I don’t want to settle down.
PRED: I don’t want to sit down

REF: In a report, written by inspectors from the Department
PRED: In a document written by inspectors from the Department.

REF': Michael D. Higgins has always been independent.
PRED: Michael D’Oy Higgins was never dependent.

Figure 4.11: Sample validation sentence prediction outputs and their references from syn-
thetic data augmentation fine-tuning on 100% LR experiment.

4.2 Qualitative Results

We show sample low-resource language outputs and their corresponding references from the
validation dataset for the non-fine-tuned model in Figure 4.9, the best-performing naturalistic-
only data schedule configuration in Figure 4.10, and the best-performing synthetic data aug-
mentation data schedule configuration in Figure 4.11. Together, these examples represent

the general range of worst to best performing outputs over all experiments run.

Listening to the source audio and comparing it to the reference output, we find that the
results from the non-fine-tuned model in Figure 4.9 are simply direct transcriptions of the
audio which have not been translated. Given that this is the first time that the model is
being exposed to Irish audio, these results follow as the model has no reference of how to

perform this particular speech translation task.

Conversely, Figure 4.10 and Figure 4.11 show cohesive English phrases and sentences.
Some naturalistic-only results in Figure 4.10 show poor semantic knowledge, for example,

“The door is for writing”, but the prediction outputs do show some syntactic and word-level
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similarities with that of the references. The synthetic data-augmented prediction results are
much stronger semantically and overall closer to the references; however, details like proper
noun translation and specific word choice (for example, “has always been independent” versus
“was never dependent”) make it extremely rare for an exact match between prediction and

reference to occur.
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Chapter 5
DISCUSSION

From the baseline experiment results in Table 4.1, we find that baseline performance,
where the model is completely unfrozen, is extremely low overall. Fine-tuning does appear
to relatively improve the baseline performance across the BLEU, chrF++, and COMET
metrics, with the fine-tuned static 50%/50% split between the low-resource and high-resource
languages achieving the highest scores in all three metrics amongst the different baseline

configurations.

5.1 Decoder Freezing Leads to Higher Performance for Mixed Language Fine-
Tuning

After implementing decoder freezing, low-resource language performance on BLEU, chrF++,
and COMET improves noticeably for the models fine-tuned on 100% high-resource and
then 100% low-resource, 50%/50% static fine-tuning, and curriculum learning, as seen by
comparing Table 4.2 with Table 4.1 (p < 1073 with N = 1000 bootstrap resamples for both
BLEU and chrF++; +0.025 in COMET between the unfrozen 100% HR and then 100% LR
schedule and its frozen decoder counterpart). These configurations all have data schedules
which mix low-resource with high-resource language data. They achieve similar evaluation
metric values among each other, with the highest BLEU and chrF++ performance coming
from curriculum learning schedule B and the highest COMET performance coming from
curriculum schedule A.

This points to the need for strategic use of model parameter freezing. When the encoder
is fine-tuned on both Irish and Welsh data, it learns a general, non-overfitted representation

of the input audio which then allows it to utilize the decoder representations which were



29

already acquired during the extensive pre-training phase. On the other hand, when the

decoder is not frozen, it risks catastrophic forgetting.

5.2 Decoder Freezing Performance on Pure Low-Resource Language Fine-
Tuning Varies Based on Presence of Synthetic Data

Interestingly, looking at Table 4.2, the frozen decoder model fine-tuned only on 100% natu-
ralistic low-resource language data does not follow the same trend of improved performance
as its mixed data counterparts, instead showing slightly decreased performance in BLEU and
COMET scores compared to the baseline unfrozen model fine-tuned on only 100% naturalis-
tic low-resource. Figures 4.3 and 4.4 show that for this particular experiment configuration,
validation performance is not only relatively low but actually ends up worse after fine-tuning.
We see that chrF++ increases slightly during the first three quarters of the fine-tuning pro-
cess but then decreases at step 5,000, while COMET consistently decreases over fine-tuning.

From this, we learn that in the naturalistic-only low-resource language data context,
decoder freezing helps improve performance only when the model is fine-tuned on a mixture
of high-resource and low-resource data. On the other hand, referencing Table 4.3, when the
synthetic low-resource language data is included, the frozen decoder model fine-tuned on
100% low-resource language data performs significantly better than the unfrozen 100% low-
resource language data baseline in Table 4.1 (p < 1073 with N = 1000 bootstrap resamples
for both BLEU and chrF++; +0.119 in COMET), even outperforming the other fine-tuning
configurations in Table 4.3 where the high-resource language data is included.

This divergence in results between the naturalistic-only and synthetic data augmentation
experiments could mean that in scenarios where low-resource data is extremely limited, such
as in the 13 hour naturalistic dataset case, the unfrozen encoder overfits to the very specific
distribution of the 13 hours of data, which is then bottlenecked by the frozen decoder which
expects an encoder output in its pre-trained representation space. When the 209 hour low-
resource language dataset is used instead, the encoder learns a more general distribution as it

is exposed to more variety, and thus is more compatible with the frozen decoder pre-trained
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target language representation. The model is then able to leverage the priors that it has

learned during pre-training to a far greater extent.

5.3 Synthetic Data Augmentation Facilitates Better Overall Semantic Learn-
ing

Excluding the outlier case mentioned above for the frozen decoder model fine-tuned only on
100% naturalistic low-resource language data, looking at the chrF++ metric on the validation
data over the fine-tuning process in Figures 4.5 and 4.7, we see a general steady increase
and plateau for both the naturalistic-only and synthetic data augmented experiments. This
shows that the model is learning the surface-level exact match well over the fine-tuning
process.

With regards to the COMET metric, across all data schedules for naturalistic-only ex-
periments we see in Figure 4.6 that the COMET score starts low at training step 1250, peaks
in the middle between training steps 2500 and 3750, and arrives at a value below the peak
at training step 5000. This is directly in contrast with the co-occurring chrF+-+ training
trajectory in Figure 4.5, which shows a steady increase and plateau at the highest point as
the training finishes. As the Whisper model utilizes cross-entropy loss, which emphasizes
exact token match, to facilitate training, it concurs that as loss is minimized throughout
training, the chrF++4 score will improve and thus increase. However, cross-entropy loss does
not include semantic similarity and thus does not have a direct correlation with the COMET
score.

On the other hand, as seen in Figure 4.8, all data schedules for the synthetic data aug-
mentation experiments show a steady increase in COMET score followed by a plateau as
training converges. Thus, the general trajectory of the COMET metric over fine-tuning for
naturalistic-only experiments in Figure 4.6 differs from that for synthetic data augmented
experiments in Figure 4.8.

While the model appears to be improving on chrF++ throughout fine-tuning in both

the naturalistic-only and synthetic data augmented experiments, the model only improves
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on COMET throughout fine-tuning when the training dataset is augmented with synthetic
data. This shows that synthetic data augmentation aids with overall comprehensive learning,
contributing to performance improvement over training at both the surface level and at the

semantic level.

5.4 Mixed Language Data Scheduling is Useful Only in the Naturalistic-Only
Low-Resource Language Dataset Scenario

The addition of synthetic data to the low-resource language data improves fine-tuned model
performance significantly. Namely, all fine-tuned models show a noticeable increase of at
least 3 in BLEU, 8.5 in chrF++, and 0.07 in COMET in Table 4.3 compared to Table 4.2
(p < 1073 with N = 1000 bootstrap resamples for both BLEU and chrF++ between the
highest scoring naturalistic-only experiment and worst scoring synthetic data augmentation
experiment). Fine-tuning on only 100% combined naturalistic and synthetic low-resource
language data results in the highest performance in BLEU, chrF++, and COMET out of all
fine-tuning data scheduling configurations.

Looking at curriculum schedule A’s performance trajectory with respect to its linear phase
represented by the dashed vertical lines, we see in Figures 4.7 and 4.8 that with synthetic data
augmentation, chrF4++ and COMET both increase steadily over the linear phase. However,
after the linear phase only the low-resource language data remains, and the metric no longer
increases at the same rate but rather plateaus while other the performance from other data
schedules continue to climb. Interestingly, curriculum schedule B appears to follow a similar
performance trajectory pattern as curriculum schedule A despite not following the same data
schedule.

On the other hand, in the naturalistic-only case, the mixed language data schedules
achieve the best performance, as seen in Table 4.2 (p < 1073 with N = 1000 bootstrap
resamples for both BLEU and chrF++; 4+0.069 in COMET between the 100% low-resource
schedule and curriculum learning schedule B). These findings indicate that phylogenetic

mixed language data scheduling is beneficial primarily when the low-resource language data
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is limited to the 13 hour naturalistic Irish dataset case. This suggests that phylogenetic mixed
language data schedules can lead to performance improvements, but only when the primary
dataset itself lacks the scale and diversity to form a generalizable, accurate representation of

the task.
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Chapter 6
CONCLUSION AND FUTURE WORK

6.1 Summary and Conclusions

In this study, we explored methods to improve low-resource language speech translation.
Specifically, given a low-resource language, we found the most phylogentically similar high-
resource language to it and incorporated its data with that of the low-resource language.
Using the encoder-decoder based Whisper model, data was incorporated during model fine-
tuning in various different ways: fine-tuning transfer learning where a pre-trained model
was first fine-tuned on all of the high-resource language data and then fine-tuned on all
of the low-resource language data, a static 50%/50% split between high-resource and low-
resource language data throughout the fine-tuning process, a two curriculum learning sched-
ules. These curriculum learning schedules consisted of one where high-resource data was
linearly decreased over time and replaced with low-resource language data, and another
where high-resource language data was exponentially decreased over time and replaced with
low-resource language data. In addition, we investigated the effects of freezing the model de-
coder during fine-tuning under these different data scheduling configurations. We ran further
experiments where the low-resource language data utilized varied from a purely naturalistic
dataset to a combined naturalistic and synthetic dataset.

We find that decoder freezing, namely, freezing all decoder parameters besides encoder-
decoder attention and layer normalization, leads to higher performance than the baseline
when both low-resource and high-resource language data is utilized during model fine-tuning.
When only low-resource language data is used, we see that decoder freezing only leads to
improvements when the low-resource language dataset is augmented with synthetic data.

We conclude that decoder freezing is a highly beneficial strategy when the input data passed
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to the encoder has a generalizable representation, whether through a mixture of different
languages or through an extensive dataset of one language, which in turn allows the learned
priors of the decoder to be leveraged most effectively. Conversely, decoder freezing does not
prove to be effective when the input data is limited and specific, as this leads to encoder
overfitting that misaligns representations with the pre-trained priors of the frozen decoder.

We also find that synthetic data augmentation is valuable in facilitating proper semantic
learning during the fine-tuning process. Without synthetic data, fine-tuning does not lead to
steady improvement in semantic accuracy, contrasting with the improvement of surface-level
exact match. From this, it is deduced that augmenting limited datasets with synthetic data
can introduce the depth and variety needed for a model to form a generalizable, comprehen-
sive representation at both the semantic and surface level.

Lastly, we see that language family data scheduling leads to overall accuracy improve-
ment only in the naturalistic low-resource language dataset scenario. When the low-resource
language dataset is augmented with synthetic data, the best performance comes from purely
using the low-resource language data. This shows that the primary dataset being utilized
has an impact on the effectiveness of data scheduling. We conclude that phylogenetic mixed
language data scheduling can be beneficial in contexts where the primary dataset lacks the
depth and comprehensiveness needed for the model to learn a generalizable representation.
If the primary dataset is already representative, it is better to train purely on itself, as in-
troducing other inputs unecessarily exposes the model to contexts which it will not need to

perform in.

6.2 Limitations

We only explore the encoder-decoder model architecture for speech translation in these exper-
iments, as all experiments were performed using a pre-trained Whisper model. Furthermore,
due to compute and time constraints we are limited to the Whisper-small model, which only
has 244 million parameters, and reported results are from only one fine-tuning training run

for each experiment configuration.
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In our experiment decoding pipeline, we use set the source language token to “en” as
a placeholder due to the lack of native support for Irish. This conditions the decoder to
use English acoustic priors, which may have interference or bias towards English phonetic
mappings while processing Irish speech.

Our experiments are limited to the Irish/Welsh low-resource/high-resource pair, and
translation to the target language of English. We also do not use any speech translation
datasets outside of the IWSLT 2026 shared task dataset for Irish and the CoVoST 2 dataset
for Welsh. Notably, the CoVoST 2 Welsh dataset only includes 3 hours of data while the
IWSLT 2026 Irish dataset includes 209 total hours of data.

6.3 Future Work

Recognizing the limitations of this study with regards to the usage of the English source
language token, future work could involve instead using the Welsh source language token
“cy” in the decoding process. As Welsh and Irish share greater Celtic phonetic and structural
overlap than English and Irish, using Welsh acoustic priors may lead to improved performance
when Irish is the source language. Investigating this would directly reveal the tradeoffs
in using a structurally and phonetically similar language versus using the robust decoder
embeddings of a high-resource anchor language.

It would also be beneficial to extend the experiments to more low-resource/high-resource
language family pairs to examine if the same conclusions regarding phylogenetic mixed lan-
guage data scheduling hold. As can be seen from the drastic change in results after adding
the synthetic Irish data, the qualities of a given low-resource language dataset have a big
impact on performance. Thus, we recognize that other low-resource languages may perform
differently based on the specifics of their available data. Additionally, given that the model
we used only performs speech translation to the English language, it would also be useful to
extend this work to include other speech translation models which will allow for translating
to a variety of other languages.

Furthermore, future work could focus on what specific low-resource language dataset
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qualities lead to differences in the impact of phylogenetic mixed language data scheduling.
Our experiments surfaced two of these qualities: the size of the dataset and the nature of
the data (naturalistic vs synthetic, or a combination of both).

This could be investigated by performing the experiments utilizing mixed language data
with naturalistic-only data and then with synthetic-only data, where both dataset sizes are
equivalent. Analyzing the results would allow us to determine whether the nature of the
data alone has an impact on curriculum learning performance.

To determine dataset size influence, it would be useful to perform size benchmarking
experiments to determine any size thresholds at which this style of mixed language data
scheduling is relevant. By slowly increasing the amount of low-resource language data present
in multiple iterations of mixed language data scheduling experiments, we would be able to
verify if there are any distinct patterns or correlations between data amount and performance
improvement. Especially as each low-resource language has varying amounts of data usable
for the speech translation task, this will help inform future work in the area where decisions

of which model training technique to use can be informed by the amount of data present.
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Appendix A
MODEL WEIGHTS AND CODE

All model weights are available at https://huggingface.co/jjnhuang, with the map-
ping from experiment configuration to HuggingFace model name shown in Table A.1.
The “Combined” dataset in the table refers to the dataset consisting of both natu-
ralistic and synthetic data. Code for model fine-tuning and evaluation is available
at https://github.com/jhuangjennifer /msthesis-curriculumlearning-lowresource-s2tt  (con-

tact the author for access).

Data schedule Dataset Frozen decoder? HuggingFace model name

Fine-tuned on 100% LR Naturalistic No jjnhuang/whisper-small-finetuned-iwslt-irish-no-frozen-decoder
Fine-tuned on 100% LR Naturalistic  Yes jjnhuang/whisper-small-finetuned-iwslt-irish

Fine-tuned on 100% LR Combined  Yes jjnhuang/whisper-small-finetuned-iwslt-irish-synthetic

Fine-tuned on 100% HR and then 100% LR Naturalistic No jinhuang/whisper-small-finetuned-iwslt-irish-transfer-welsh-no-frozen-decoder
Fine-tuned on 100% HR and then 100% LR Naturalistic  Yes jjnhuang/whisper-small-finetuned-iwslt-irish-transfer-welsh
Fine-tuned on 100% HR and then 100% LR Combined  Yes jjnhuang/whisper-small-finetuned-iwslt-irish-transfer-welsh-synthetic
Fine-tuned on static 50% LR and 50% HR Naturalistic No jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-50-50-no-frozen-decoder
Fine-tuned on static 50% LR and 50% HR Naturalistic  Yes jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-50-50

Fine-tuned on static 50% LR and 50% HR Combined Yes jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-50-50-synthetic
Fine-tuned on curriculum learning schedule A Naturalistic No jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-curriculum-no-frozen-decoder
Fine-tuned on curriculum learning schedule A Naturalistic Yes jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-curriculum
Fine-tuned on curriculum learning schedule A Combined  Yes jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-curriculum-synthetic
Fine-tuned on curriculum learning schedule B Naturalistic No jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-curriculum-b-no-frozen-decoder
Fine-tuned on curriculum learning schedule B Naturalistic Yes jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-curriculum-b
Fine-tuned on curriculum learning schedule B Combined  Yes jjnhuang/whisper-small-finetuned-iwslt-irish-welsh-curriculum-synthetic-b

Table A.1: Mapping of experiment configurations to model weights.



