Evaluation of LLMs in Speech 1s Often Flawed:
Test Set Contamination in Large Language Models
for Speech Recognition

Abstract—Recent work suggests that large language
models (LLMs) can improve performance of speech tasks
compared to existing systems. To support their claims,
results on LibriSpeech and Common Voice are often
quoted. However, this work finds that a substantial amount
of the LibriSpeech and Common Voice evaluation sets
appear in public LLM pretraining corpora. This calls into
question the reliability of findings drawn from these two
datasets. To measure contamination impact, LLMs trained
with/without contamination are compared. A contaminated
LLM is more likely to generate test sentences it has seen
during training. Then, speech recognisers based on LL.Ms
are compared. They show only subtle error rate differ-
ences if the LLM is contaminated, but assign significantly
higher probabilities to transcriptions seen during LLM
training. Results show that LLM outputs can be biased
by tiny amounts of data contamination, highlighting the
importance of evaluating LLLM-based speech systems with
held-out data.

Index Terms—large language models, test set contami-
nation, speech recognition

I. INTRODUCTION

Large language models (LLMs) have recently gathered
significant amounts of interest due to their strong perfor-
mance on a wide range of natural language processing
(NLP) tasks. This has led speech researchers to investi-
gate whether LLMs can be similarly useful for speech
processing tasks, such as automatic speech recognition
(ASR) [1]-[4], speech translation [5], [6], and ASR error
correction [7]-[9].

Although some prior work claims that LLM-based
speech systems outperform previous systems, their con-
clusions are often drawn from experiments on standard
benchmark corpora. Such an evaluation methodology
overlooks a major concern: LLMs may be inadvertently
pretrained on samples in the test set [10]-[12], which
can lead to inflated scores and overestimation of system
capabilities. For example, Librispeech [13] and Common
Voice [14] are two prominent ASR datasets that suf-
fer from this issue. LibriSpeech consists of audiobook

recordings from the Project Gutenberg website!, and
many utterances in Common Voice are derived from sen-
tences in Wikipedia pages. Unfortunately, both Project
Gutenberg and Wikipedia are often used for collecting
LLM pretraining data, which means that a portion of the
LibriSpeech and Common Voice evaluation sets may be
seen by LLMs during training.

Throughout this paper, we divide evaluation set sen-
tences into two categories: leaked sentences, which are
sentences that are included in the pretraining data, and
non-leaked sentences, which are not included in the
pretraining data. In this work, we shed light on how
many LibriSpeech and Common Voice evaluation tran-
scriptions are leaked, as well as determine how severely
this degree of contamination affects model evaluation.

First, we identify various LLM pretraining corpora
and models that include LibriSpeech or Common Voice
sentences. Through data analysis, we find that the
Pile [15], a commonly used text pretraining corpus, is
contaminated with nearly two-thirds of each of the
four LibriSpeech evaluation sets and one-third of the
Common Voice English evaluation sets (Section II).

Second, we train billion-parameter LLMs from
scratch, and intentionally contaminate some of them by
interspersing LibriSpeech books throughout pretraining.
Comparing contaminated LLMs against their uncontami-
nated counterparts shows that data contamination during
pretraining makes LLMs significantly more likely to
predict leaked sentences (Section III-B).

Finally, we train LLM-based ASR systems using both
uncontaminated and contaminated LLMs (Section IV).
Although speech recogniser error rates do not change
much, we find that ASR systems assign significantly
higher probabilities to leaked sentences when contam-
inated LLMs are used, leading to lower perplexities.
This phenomenon highlights how vulnerable LLM-based
speech systems are to data contamination, and future
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work should take care to ensure that the data used for
evaluation remains unseen.

II. EXTENT OF DATA CONTAMINATION

Although LLM benchmark contamination is a known
issue in NLP [10]-[12], the topic has not received atten-
tion in the speech processing community. In this section,
we highlight that this problem is especially severe for
LibriSpeech and Common Voice, as significant portions
of their evaluation sets are leaked sentences. Hence,
the various studies that use LLMs for speech tasks
evaluated with LibriSpeech or Common Voice [16]-[21]
may require revisiting to ensure their conclusions are not
affected by test set contamination.

A. LibriSpeech

The LibriSpeech corpus contains approximately 1,000
hours of audiobooks from the Project Gutenberg website.
However, books from Project Gutenberg have also been
used in many LLM pretraining corpora, such as the
Pile [15], ROOTS [22], RedPajama v1 [23], Dolma [24],
TxT360 [25]. Furthermore, while it has not been revealed
what types of data were used to train the later versions
of Llama models [26], [27], it is known that Project
Gutenberg books were used to train Llama 1 [28].

For each utterance in the LibriSpeech dev-clean, dev-
other, test-clean, test-other sets, we check for contami-
nation in the Pile through a two-step process. We first
determine the corresponding Project Gutenberg books
containing each utterance via metadata provided in Lib-
riSpeech, giving 210 different books in total. We then
search the Project Gutenberg subset of the Pile training
set for variants of the full text for each of the 210 books,
using an implementation of the MinHash LSH [29,
Chapter 3] algorithm from the datasketch?® library.

Through manual verification of candidate pairs, we
empirically identified that documents with Jaccard sim-
ilarity greater than 0.7 are duplicates, while those be-
low this threshold are not. We note that duplicated
books in the Pile may have slight differences from
their counterparts in LibriSpeech, possibly caused by
text preprocessing errors in different versions of Project
Gutenberg, such as ...in coloured silks versus ...in silks.
We still consider these to be duplicates.

In total, these books contain the transcriptions of
6873 out of 11126 utterances in the LibriSpeech dev
and test sets, which means that the Pile is effectively
contaminated with nearly two-thirds of the LibriSpeech
dev and test sets.

Zhttps://github.com/ekzhu/datasketch

B. Common Voice

Common Voice, as of version 20.0, is a multilingual
corpus containing more than 22,000 hours of read speech
from 133 languages. Recordings are gathered through
crowdsourcing, where volunteers read sentences from
Wikipedia or other user-submitted sources. However,
many LLM pretraining corpora also contain sentences
from Wikipedia [15], [22]-[24].

For each utterance in the Common Voice English dev
and test sets, we use the Wikipedia Search API® to
look for articles that contain the transcript within the
full text. We then check for contamination in the Pile
by matching each article title with documents in the
Wikipedia subset of the Pile training set. We note that
the actual degree of contamination may be larger, as we
were unable to efficiently search the Pile for Common
Voice utterances that have some differences in wording
compared to sentences in Wikipedia, such as For over
one hundred... versus For more than one hundred....

With this process, we find that 10,388 out of 32,796
utterances in the Common Voice dev and test sets appear
verbatim in Wikipedia articles that are included in the
Pile, meaning that nearly one-third of utterances are seen
during LLM pretraining.

ITI. EFFECTS OF LLM CONTAMINATION ON TEXT
GENERATION PROBABILITIES

Although two-thirds of the LibriSpeech evaluation
sets are leaked into the Pile, the leaked sentences only
comprise a tiny portion of the total training data. To
understand the effects of contamination on text genera-
tion probabilities, we compare the probability of gen-
erating leaked sentences versus generating non-leaked
sentences for open-source LLMs trained on the Pile
(Section III-A), and also intentionally train contaminated
LLMs to explore the effects of contamination under
different model sizes and different amounts of total
pretraining data (Section III-B).

Probability calculation: We calculate the average word-
level negative log-likelihood by normalizing the total
cross-entropy loss with nyqs, the number of words in
all sentences S:

- ZSES ny,es logp(yt|y17 Y2, "-yt—l)

Y
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Fig. 1. Perplexities of leaked and non-leaked sentences calculated
by n-gram and open-source Pythia language models. We note that
leaked and non-leaked sentences have very similar perplexities, which
demonstrates the difficulty of measuring the effects of contamination
in pretrained models.

where y; is the ith token in the sentence s, and p(y;) is
the probability of the LLM predicting y;. We report the
perplexity, the exponentiated average log-likelihood:

PPL = NEL

Statistical significance testing: Since the number of
tokens constituting leaked LibriSpeech sentences (3 x 10°
tokens) is extremely small compared to the total number
of tokens in the Pile (3 x 10! tokens), the difference
between the training data of contaminated and uncon-
taminated LLMs is minimal. To assess the statistical
significance of our probability calculations, we estimate
95% confidence intervals via bootstrapping [30], [31].
Specifically, we sample with replacement from the orig-
inal data multiple times to generate 1,000 resampled
datasets, from which we calculate the 2.5th and 97.5th
percentiles of the average perplexities to estimate the
confidence intervals.

A. Does contamination bias open-source LLMs towards
generating sentences seen during training?

The first investigation, which will yield no clear con-
clusion, is of a series of open-source models, Pythia [32].
The Pythia models are trained on the Pile [15], a dataset
also used for training various other LLMs [32]-[35].
As determined in Section II-A, the Pile is contaminated
with two-thirds of the LibriSpeech dev and test sets. To
verify if this could cause bias towards generating the
LibriSpeech transcriptions that are included in the Pile,
we compare the perplexities of leaked and non-leaked
LibriSpeech sentences. Note that Pythia models were
trained on document segments without start-of-sentence
tokens, hence the reported perplexities do not consider
the first token in each sentence.

We restore casing and punctuation to both leaked
and non-leaked LibriSpeech transcripts and compare
their perplexities. The restoration process is performed
by matching LibriSpeech transcriptions to the original
sentences in Project Gutenberg books and the Pile. We
manually fix all sentences that do not match due to text
preprocessing errors mentioned in Section II-A.

Figure 1 compares the perplexities that Pythia models
assign to leaked sentences (LibriSpeech dev and test set
sentences in the Pile) and non-leaked ones. Leaked sen-
tences have slightly higher probability of being generated
by the Pythia models. However, we cannot be certain
whether this difference in perplexity is truly the result of
data contamination, or whether it is that leaked sentences
have a different distribution and are more probable.

In order to eliminate this factor, we train uncon-
taminated n-gram language models on the Librispeech
language modeling data*, which is disjoint from the
LibriSpeech dev and test sets, hence neither leaked nor
non-leaked sentences are included. To ensure results
are comparable with Pythia models, the training data is
tokenized with the same tokenizer used for the Pythia
models. The n-gram results in Figure 1 suggest that
leaked sentences are inherently more likely to be gen-
erated. We conclude that the effects of contamination
cannot be easily observed from perplexities calculated by
pretrained LLMs, as any differences may reflect inherent
differences between the distributions of leaked and non-
leaked sentences, rather than bias induced by contami-
nation. This leads us to conduct additional experiments
to better study the effects of contamination.

B. Comparing LLMs trained with/without contamination

As Section III-A has shown the difficulty of observing
effects of contamination in publicly available models,
we take a step further by training Pythia models from
scratch, in order to compare the perplexities of models
pretrained with and without contamination.

To maintain reasonable computational costs, we train
each model on 15B to 60B tokens, as pretraining 1.4B/
2.8B/6.9B models on 30B tokens (roughly 10% of the
total tokens in the Pile) already requires 4/7/15 days of
pretraining on 8 A100 GPUs. We simulate a realistic
ratio of leaked data to total pretraining data, by randomly
mixing the 82 books containing LibriSpeech sentences
not originally in the Pile into the pretraining data of
contaminated models. Hence, leaked sentences refer to
LibriSpeech sentences not originally in the Pile from

*https://www.openslr.org/11/



<— Perplexity improvement  Degradation —

Parameters Tokens -5 4 -3 -2 -1 0 1 2
1.4B 30B I | I
2.8B 30B |
6.9B 30B / | / ! | \
95 % confidence Leaked Non-leaked

(a) Comparison of LLMs of varying sizes. Contaminated LLMs
become more likely to generate leaked sentences, and less likely to
generate non-leaked sentences.
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(b) Comparison of LLMs trained on varying amounts of data. An
increase in training data does not “dilute” the effects of contamina-
tion; leaked sentences still remain more likely to be generated by
contaminated LLMs.
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(¢) 1.4B LLMs that are contaminated once and twice compared
against an uncontaminated 1.4B model. All models trained on 30B
tokens. The more contaminated an LLM is, the higher probability of
it generating leaked sentences.

Fig. 2. Comparing perplexity differences between contaminated and
uncontaminated LLMs for non-leaked and leaked sentences. In the
first row of Figure 2a, the perplexity of contaminated and uncon-
taminated LLMs generating leaked sentences is 123.84 and 126.34
respectively, hence a —2.5 difference. Generating leaked sentences is
always significantly more likely when contaminated LLMs are used.

now on. Both contaminated and uncontaminated models
are trained for exactly the same number of steps, to
ensure that they are trained on the exact same amount
of data. All other hyperparameters follow the original
setups used in [32].

We compare the average perplexity of generating
leaked and non-leaked sentences for contaminated and
uncontaminated LLLMs in Figure 2. We estimate 95%
confidence intervals via bootstrapping. Results show
that contaminated LLMs are consistently more likely
to generate leaked sentences, but the probability of
generating non-leaked sentences does not increase to a
similar extent. If we examine the effects of contamina-
tion across different model sizes and different amounts of
pretraining data, we first note that perplexities of leaked
sentences improve the most for the largest model (6.9B)
we train. This is consistent with prior work on data
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Fig. 3. Comparison of LLMs contaminated with data from the
LibriSpeech eval sets (“leaked”, measuring memorisation), or the
LibriSpeech training set (similar distribution but different sentences).

memorisation in LLMs: the larger the model size, the
more likely it is to memorise its training data [36].

Furthermore, although increasing the total pretraining
data may be expected to dilute effects of contamination,
Figure 2b shows that the difference in perplexities of
leaked sentences stays roughly the same. This implies
that even if LLMs are trained on an increasing amount of
data, as long as the number of leaked sentences remains
the same, the effects of contamination may persist.

In addition, we consider the case where test set
sentences are included in the LLM pretraining data more
than once in Figure 2c. This can occur when the pre-
training data is sampled from multiple sources, with data
from specific domains given greater weight than others.
For example, Llama 1 was pretrained on each Project
Gutenberg book twice on average [28]. Therefore, we
train an additional 1.4B model on 30B tokens, where
each LibriSpeech book occurs in the pretraining data
twice. Similar to the results in Figure 2, this resulted in
a more pronounced perplexity improvement for leaked
sentences (—4.742), and minor improvements for non-
leaked sentences (—0.809).

We also consider an alternative explanation of the
improved perplexities of leaked sentences: Contaminated
LLMs are more likely to generate leaked sentences
compared to uncontaminated models, because they are
exposed to more LibriSpeech books during training.
To verify whether this is the case, we explore another
training setup in Figure 3, where we train a 1.4B
model on 30B tokens, with 82 random books contain-
ing sentences from the LibriSpeech training set mixed
into the pretraining data. Compared against the original
uncontaminated 1.4B model trained on 30B tokens, we
find that this model only has minor improvements on
both leaked sentences (-0.583) and non-leaked sentences
(-0.288), indicating that the improvements in perplexity
cannot be explained by the higher portion of books in
the pretraining data of contaminated LLMs.

To summarize, test set contamination during LLM
pretraining can inflate the probability of generating
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Fig. 4. A LLM-based speech system for ASR, with speech embed-
dings stacked then prepended before the text embeddings.
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leaked sentences while also reducing the probability
of generating non-leaked sentences. This suggests that
contamination may not only cause LLMs to exhibit
misleadingly high performance on leaked test data, but
also degrade performance on actual unseen data.

IV. EFFECT OF USING CONTAMINATED LLMS FOR
SPEECH RECOGNISERS

Although results in Section III-B suggest that even
small amounts of contamination can significantly affect
the output probabilities of an LLM, it is unknown to
what extent this holds true after LLMs are integrated
into speech systems. Therefore, we build LLM-based
ASR systems consisting of a speech encoder and an
LLM (also inaccurately termed “decoder-only ASR”),
following prior work [1], [18]. We then explore two
experimental settings for speech recognition with LLMs
(Section IV-A). We present implementation details in
Section IV-B, followed by a discussion of our key
findings in Section IV-C.

A. Experimental settings

We consider two scenarios to understand how speech-
conditioned text generation and different downstream
data distributions can affect the difference between
contaminated and uncontaminated LLM-based speech
systems: punctuated ASR, where the LLM is trained
on transcriptions in mixed case with punctuation, or
regular ASR, where transcriptions are in lowercase with-
out punctuation. Punctuated ASR can be viewed as text
generation conditioned on speech embeddings plus text
prompts. On the other hand, the LLMs in regular ASR
systems are expected to predict lowercase transcriptions

without punctuation, which is very different from the text
data distribution on which the LLM is trained.

We train regular ASR systems on 960 hours of data
from the LibriSpeech training sets. For the punctuated
ASR systems, we restore punctuation and casing to Lib-
riSpeech train set transcriptions similar to Section III-A.
Roughly 6400 out of 280,000 training set sentences fail
the restoration process, hence we discard the correspond-
ing utterances, and use the remaining 940 hours of data
to train the punctuated systems.

B. Implementation details

We implement our pipeline in the SpeechBrain
toolkit [37]. As shown in Figure 4, the LLM predicts
transcriptions of input speech in an autoregressive fash-
ion, given sequences of speech embeddings obtained
from the encoder and an optional text prompt embedding
sequence. Following [18], we freeze both the speech
encoder and the LLM, and only fine-tune parameters of
a small projector connecting the two.

We use WavLM Large [38] as the speech encoder,
and stack every 5 embeddings from the encoder before
projecting them to the size of the LLM embeddings. The
projector consists of two fully-connected layers, with
ReLU activation function. Each system is trained for
up to 100,000 batches using Adam. The learning rate is
warmed up for 1000 steps, until the maximum learning
rate of 1 x 10~ is reached. As the prompt, we use
“USER: Transcribe speech to text. \n ASSISTANT:”,
and perform beam search with a beam size of 4.

Unlike [18], we linearly decay the learning rate to
zero and apply SpecAugment during training [39], as
both improved ASR accuracy for us. Each experiment is
run on a single V100 32GB GPU. We also use dynamic
batching with a maximum batch size of 70 seconds
of audio to accelerate training. Thus, 100,000 batches
correspond to about two epochs of training.

C. Experimental results and discussion

Table I shows results on punctuated and regular ASR
systems, trained with uncontaminated or contaminated
LLMs. The results are in the form of perplexities (condi-
tional on the audio) and error rates. Since smaller LLMs
produce less noticeable differences (see first two rows
and Section III-B), we focus on 6.9B LLMs.

We see that contaminated 6.9B LLMs still become
more likely to generate leaked sentences when used in
speech systems, for punctuated and regular ASR systems
alike. In fact, for punctuated ASR, not only does the
contaminated 6.9B system always become significantly



TABLE 1
COMPARING PUNCTUATED AND REGULAR ASR SYSTEMS THAT USE UNCONTAMINATED OR CONTAMINATED LLMS PRETRAINED ON
30B TOKENS. EACH RESULT IS AVERAGED OVER 5 RUNS WITH DIFFERENT RANDOM SEEDS. CONTAMINATED RESULTS THAT ARE
SIGNIFICANTLY BETTER ARE BOLDED. WE OBSERVE THAT ASR SYSTEMS BECOME SIGNIFICANTLY MORE LIKELY TO GENERATE
LEAKED SENTENCES WHEN USING CONTAMINATED 6.9B LLMS, BUT THE DIFFERENCES IN ERROR RATES CAN BE SUBTLE.

dev-clean

dev-other

test-clean test-other

Params. Contaminated?

Non-leaked Leaked Non-leaked Leaked Non-leaked Leaked Non-leaked Leaked

Punctuated ASR - Perplexity (conditioned on audio)

|48 X 1.652 1.656 1.893 1.912 1.668 1.659 1.887 1.941
’ v 1.657 1.651 1.888 1.918 1.668 1.654 1.885 1.939
6.9B X 1.599 1.610 1.821 1.858 1.608 1.611 1.804 1.860
' v 1.607 1.603 1.829 1.834 1.619 1.604 1.812 1.854
Punctuated ASR - CER (includes punctuation errors)
6.9B X 6.32 5.94 8.72 8.07 6.59 6.13 8.17 7.76
' v 6.33 5.99 8.15 7.67 6.55 5.80 8.24 7.67
Regular ASR - Perplexity (conditioned on audio)
6.9B X 1.146 1.172 1.308 1.356 1.153 1.161 1.309 1.347
’ v 1.143 1.171 1.302 1.343 1.151 1.156 1.304 1.344
Regular ASR - WER
6.9B X 3.28 3.59 7.39 6.51 3.96 3.94 6.88 6.85
' v 2.77 3.77 7.01 5.93 3.61 3.50 6.89 6.97

more likely to generate leaked sentences, it also becomes
less likely to generate non-leaked sentences. Once again,
this shows how contamination can not only inflate model
performance on leaked data, but also affect how well the
model generalises to unseen data.

However, this increased probability of generating
leaked sentences is not necessarily reflected in ASR error
rates, as the error rates of contaminated systems can
worsen even when the perplexities of the same system
improve. Manual inspection of the recognition errors
made by contaminated and uncontaminated systems also
revealed no obvious differences in their error patterns.
We hypothesise that this is because the increase in
perplexity is not large enough to affect the rank ordering
of sequences that are taken into consideration by the
beam search decoding process.

In summary, results suggest that there is a significant
gap in perplexity between contaminated and uncontam-
inated LLMs, present in both speech-conditioned and
unconditional text generation, although the gap proves
too subtle for detection through error rates. Nevertheless,
the consistent and significant differences observed in text
generation perplexities suggest that data contamination
creates subtle but systematic biases. Proper evaluation of

LLMs on held-out data is therefore not only necessary
to ensure scientific rigour, but also essential to prevent
adverse effects when using LL.M-based speech systems
for speech translation, dialog systems, or other tasks.

V. CONCLUSION

This work highlights how test set contamination dur-
ing LLM pretraining can skew output probabilities. We
point out that LibriSpeech and Common Voice have
two-thirds and one-third of their respective evaluation
sets included in LLM pretraining datasets. We also
train a series of LLMs from scratch, to show that even
tiny amounts of contamination can disproportionately
increase the chances of generating leaked sentences.

When contaminated LL.Ms are used for speech recog-
nition instead of uncontaminated ones, leaked sentences
still become more likely to be generated, but to a lesser
degree. Differences in error rates between contaminated
and uncontaminated systems are less consistent but still
present. This suggests using contaminated LLMs for
speech tasks can bias evaluation results in subtle ways,
emphasizing the importance of evaluating LLM-based
speech systems with uncontaminated data.
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