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Abstract
End-to-end (E2E) models are often being accompanied by language models (LMs) via shallow fusion for boosting their overall quality as well as recognition of rare words. At the same
time, several prior works show that LMs are susceptible to unintentionally memorizing rare or unique sequences in the training
data. In this work, we design a framework for detecting memorization of random textual sequences (which we call canaries)
in the LM training data when one has only black-box (query)
access to LM-fused speech recognizer, as opposed to direct access to the LM. On a production-grade Conformer RNN-T E2E
model fused with a Transformer LM, we show that detecting
memorization of singly-occurring canaries from the LM training data of 300M examples is possible. Motivated to protect
privacy, we also show that such memorization gets significantly
reduced by per-example gradient-clipped LM training without
compromising overall quality.
Index Terms: LM Fusion, Unintended Memorization

1. Introduction
Neural networks for common ASR applications like smart assistants, dictation, and telephony, are trained on millions of utterances which can often contain sensitive information, such as
credit card numbers. Given the prevalence of ASR in user products, ensuring the privacy of training data is an increasingly important topic in the speech community [1, 2, 3].
Modern E2E models dedicate most of their resources to encoding audio. For example, the Conformer(L) architecture [4]
dedicates 17 layers to the encoder to process audio, and only 1
layer to the decoder to process text. This may appear to limit an
E2E model’s ability to memorize its textual data. However, the
ASR pipeline is often equipped with an accompanying language
model (LM) whose job is to use its linguistic knowledge to disambiguate acoustically similar hypotheses given by the acoustic
model (AM)1 . As such, LMs are often integrated into production speech engines, improving WER by 5-10% relative [5] with
larger gains on rare words [6].
For better domain match, such LMs are often trained on the
transcripts of the same data as the AM. Additionally, personalized or contextually biased [7] ASR systems use a standard AM
with an LM trained on per-user information (e.g. contacts list
[8], typing patterns [9], etc.)—packing yet more personal information into the LM. Several prior works [10, 11, 12, 13, 14, 15]
have shown that LMs are susceptible to unintentionally memorizing rare or unique sequences of data, thus making textual
training data susceptible to such leakage. This leaves the open
question, which we try to answer in this work: Does adding
Submitted to Interspeech 2022.
1 In this paper, we refer to an E2E model as an AM to better contrast

it from an LM. We acknowledge the term “acoustic model” can historically refer to only the audio processing component, e.g., an encoder.

an LM to an AM create a privacy vulnerability in the combined
ASR system even without direct access to the LM?
Our first contribution is to design a framework to test for
unintended memorization using only query access to the ASR
system. We do this by inserting a set of random “canaries” into
the LM’s training data, and observing the ASR model’s performance on these examples. We need to overcome a pair of obstacles: First, since ASR models accept audio and not text, we use
a Text-To-Speech (TTS) system to generate synthetic utterances
for querying the ASR system. Next, unlike conventional attacks
on LMs which require some confidence score, e.g., perplexity,
ASR systems typically only give the single top transcript for a
given audio sequence. Thus, we use the model’s WER on canaries versus baseline examples as our primary metric.
We test for memorization across a range of canary frequencies and LM capacities. Our results show that memorization
is detectable even for canaries that appear only once in a large
(300M sample) training corpus, and then grows significantly the
more frequently a canary is repeated in the training data (from
1 to 32 times). We also show how increasing model capacity
leads to increased memorization.
Our next contribution is to study the effect of per-example
gradient clipping on mitigating memorization, an idea motivated by prior work [10, 12]. Our experiments here demonstrate
that this technique can significantly reduce the level of memorization without appreciable loss of overall utility in the model.
Finally, we observe that while using clean TTS utterances
can be useful for detecting memorization, there can be instances
where the ASR system may not leverage the LM for providing
the top transcripts, e.g., if the TTS utterances are easy to predict
for the AM itself. In such cases, the LM’s memorization may
not be able to surface to the top transcript predictions which we
use for inference. Thus, we add noise to parts of the TTS utterances such that the LM’s predictions can be leveraged by the
ASR system. Moreover, we design a simple classifier that can
use the top transcripts for these utterances to conduct a membership inference (MI) task. We provide an analysis of how
metrics like precision and recall (commonly used for evaluating
MI attacks [16, 17, 18]) can be used to demonstrate the extent of
unintended memorization in ASR LMs. For instance, we show
in our experiments that while our classifier shows a baseline
(50% precision, 13% recall) for non-memorized sequences of
data, it achieves (∼80% precision, ∼50% recall) for sequences
that appeared only eight times among 300M other samples for
LM training and were subsequently memorized.
Related Work: Recent work has shown that model updates
during ASR training can leak potentially sensitive artifacts like
labels [1] and speaker identity [2] of utterances used in computing the updates. There have been works [10, 11, 12, 13, 14, 15]
that focus on designing extraction techniques to demonstrate the
susceptibility of LMs to memorize training data. There are also
works [19, 20] that theoretically study such memorization and
how it relates to generalization in learning.

2. Method
2.1. Detecting unintended memorization
We start by defining a (publicly-known) distribution over the
tokens of the model. Next, we draw some i.i.d. samples from the
distribution and add these “canaries” with varying frequencies
into the LM’s normal training set. Simultaneously, we also draw
a equal-sized set of “extraneous” samples in the same manner,
which are not used for training.
After training the LM, we query an AM+LM recognizer to
detect the level the unintended memorization of the canaries.
This is done by first using a WaveNet TTS system [21] to generate synthetic utterances for the canaries and extraneous examples. These are fed into the recognizer, and the top-1 transcripts
are retrieved. We then use two methods to measure unintended
memorization: First, we compare the word error rate (WER) of
the canaries from a canary-trained model, and contrast it with
the same measurement from an extraneous-trained model. Second, as described later in §2.3, we also design a membership
classifier that modifies the TTS utterances to accurately predict
memorization on a per-example basis.
2.2. Training using per-example gradient clipping
An established technique for reducing unintended memorization in ML models is DP-SGD [22, 23]. This algorithm modifies standard gradient descent in two ways: it first clips the gradient of each training example to a fixed maximum clip norm,
and then adds random noise to the mean clipped gradient. A
model trained this way is differentially private [24], which is a
formal notion for quantifying privacy leakage. Unfortunately,
large models trained using DP-SGD with strong privacy guarantees tend to have unacceptably low utility (i.e. generalization)
compared with baseline (non-private) models.
A possible step forward is to only perform per-example
clipping, thus bounding the sensitivity of each gradient. A
model trained this way no longer satisfies any meaningful differential privacy, but prior work [10, 12] has shown that such
models tend to match the utility of baseline models while being
empirically less prone to memorization.
2.3. Membership classifier
A conventional membership inference attack uses a membership classifier that predicts whether or not a candidate example
is in the training set based on the true label and the output posteriors of the model for that candidate example. In our case, there
are two challenges. First, realistic speech recognizers only output the top-1 hypothesis; thus, this is the only artifact available
to the membership classifier. This situation is akin to label-only
membership inference attacks [25]. Second, the model we wish
to probe here is the LM, but we can only send inputs to the
AM. Thus, we must synthesize TTS audio of the candidate text
sequence for which we wish to predict the membership. This
presents its own set of challenges. On one hand, if the TTS is
too clear, the AM alone might predict the sequence perfectly
without the LM’s help. On the other hand, if the TTS is too unclear, the AM could output an empty transcript, inhibiting the
LM’s ability to influence the prediction.
We opt for a middle ground: The first part of the candidate example, which we call the prefix, is synthesized with clear
TTS, while the remainder, which we call the suffix, has Gaussian noise added. This partially obscured example is then fed
into the fused model, and its output observed. From here, we
use a very simple membership classifier: if the model’s output

exactly matches the ground truth, the classifier predicts that the
example was used in training (i.e. is a canary); otherwise, the
classifier predicts the example was not used in training.

3. Setup
3.1. Canaries
Each canary is a fixed-length sequence of random lower-case
alphabetical characters with spaces between them, e.g. “o e
g d b u”. This mimics the format of sensitive data like passwords, serial numbers, and other secret codes. Further, this format has a well-defined baseline likelihood of 26−n , where 26 is
the number of possible characters, and n is the sequence length.
This is useful for confirming the extent to which the LM has
memorized the canary sequences by comparing their perplexity
to 26n , which we do during training. For each canary, we insert
it into the LM training data at a certain frequency (i.e., number
of times it’s repeated). We choose frequencies that are powers
of 2, as shown in Table 1. For example, there are 16384 canaries
that appear once in the training set (CAN1), 8192 canaries that
appear twice (CAN2), and so on until CAN32. We also keep a
set of canaries that are not inserted into the training set (CAN0)
to use as a baseline during evaluations.
Table 1: Canary datasets. Each dataset is inserted into training
at the frequency indicated.
Name
Frequency

CAN0
0

CAN1
1

CAN2
2

CAN4
4

CAN8
8

CAN16
16

CAN32
32

# Canary
# Extraneous

16384
16384

16384
16384

8192
8192

4096
4096

2048
2048

1024
1024

512
512

We also craft another equally-sized set of extraneous sequences that take the same structure (e.g. 6 spaced random letters) as the canaries as well as the same frequency distribution.
The only difference is that their random sequences are sampled
independently and contain no matches with the canaries. The
extraneous set is used for training a baseline LM that has a similar distribution as the LM trained with canaries. In addition,
the extraneous set is used to compute the precision and recall
metrics discussed in §4.4.
3.2. Dataset
Our main ASR task is voice search (VS); as such, our test
set consists of 11k utterances from Google’s voice search traffic. The utterances are only a few words long. The training
set for both the AM and LM is a slice of Google search traffic from multiple domains such as voice search, farfield, telephony, and YouTube, making up ∼300M utterances. All utterances are anonymized and hand-transcribed, with the exception
of YouTube being semi-supervised. Our data collection abides
by Google AI Principles [26]. This is the same training set used
in Google’s production speech [27] and language [28] models.
For the speech model, the acoustics are further diversified via
multi-style training [29], random down-sampling from 16 to 8
kHz, and SpecAug [30]. The LM uses only the transcripts of
the training set. The canaries are merged into the LM’s training
set only (the AM is not trained on canaries), and make up less
than 0.1% of the total.
3.3. Architecture
Our acoustic model is the same as in [31]. It is a state-of-the-art
Conformer-encoder, streaming RNN-T model with 150M parameters emitting 4096 lower-case wordpieces. The decoder is

a tiny 2M-parameter stateless embedding decoder [32] with no
recurrence. Our language model is a 70M-parameter, 10-layer
transformer [33] with model dimension of 768, feed-forward
dimension of 3072, and 5 attention heads. It is trained using the
AdaFactor optimizer with a batch size of 1024 for 800k steps.
3.4. Language model fusion
Shallow fusion [34], i.e. interpolation of the AM and LM logits
during decoding time, is the predominant LM fusion method
used in performance speech recognition and is the method we
use here. In particular, we apply HAT shallow fusion which
includes an additional interpolation term that factorizes out the
AM’s log-posterior from its internal language model score [35].
In summary, the decoder optimizes
y ∗ = argmax [log p(y|x) − λ2 log pILM (y) + λ1 pLM (y)] ,
y

where p(y|x) is the AM log-posterior score, pILM (y) is the
AM’s internal language model score, and pLM is the LM score.
The interpolation weights (λ1 , λ2 ) are optimized via Vizier [36]
where the objective is to reduce WER on the VS test set.

4. Experiments
4.1. Baseline comparisons
Table 2 shows the performance of a collection of recognizers,
each consisting of a different LM fused with the same AM.
Since the AM is fixed for all experiments, we name each row
by the LM for brevity; note that each row represents the decoded WER results from an entire AM+LM recognizer. For
each recognizer, we decode on the VS test set to measure overall recognizer quality. We also decode on the TTS of the singlefrequency canaries, CAN1, as well as CAN0 as a baseline. Recall §3.1 and Table 1 for discussion on these canary datasets.
Table 2: WER on VS, CAN0, and CAN1 for different LMs.
Lower values indicate more generalization (VS) or memorization (CAN0 or CAN1). Naming convention for LMs is {size}{trained on canary or extraneous set}.
LM

VS

CAN0

CAN1

B1: None
B2: 70M
B3: 70M-EXT

6.53
6.22
6.24

34.02
33.88
23.59

33.98
34.50
24.21

E1:
E2:
E3:
E4:

6.51
6.25
6.26
6.22

20.93
22.13
22.97
23.46

21.20
21.43
21.17
20.77

9M-CAN
30M-CAN
70M-CAN
130M-CAN

We first introduce several baselines. B1 is the AM alone
without an accompanying LM, and B2 is the AM fused with a
70M parameter LM trained on the same data. B2 provides a 5%
WER relative improvement on the VS test set over B1, confirming that LM shallow fusion is properly configured to provide
overall gains. B3’s LM is also 70M parameters but trained on
the extraneous (EXT) dataset; thus it has learned the same structure as the canaries (6 space-separated alphabetical letters), but
not their specific sequences. As a result, B3’s CAN0 and CAN1
WERs are 10% lower than that of B1 and B2, which were not
trained on the same structure. B3 is the most appropriate baseline for comparing our canary-trained LM results as it factors
out the memorization of canary sequence from the learning of
canary structure.

Figure 1: WER on canary sets of various frequencies as a function of LM size. Lower values indicate more memorization.

4.2. Unintended memorization
Experiments E1-E4 in Table 2 consist of different-sized LMs
(9M, 30M, 70M, 130M) trained on the canaries. Each size was
obtained simply by applying a constant multiplier to the number
of attention heads, model dimension, and feed-forward-layer dimension of the Transformer architecture. As a sanity check,
training on canaries does not significantly compromise overall
performance as indicated by the fact that VS WER is comparable to B2 and B3. The exception is E1, which provides no gain
to VS due to its small LM size.
On CAN0 (canaries not in training) the WER increases as
the model size increases (E1-E4). This is explained by the
fact that larger LMs have greater modeling power, and stronger
LMs are better able to assign high perplexities to random sequences they have not seen in training. On the other hand, larger
LMs are also better able to assign low perplexities to sequences
they have seen in training. This pattern is evident for singlefrequency canaries in the CAN1 column where WER decreases
with larger models. In Figure 1, we plot the WER versus LM
size dependence for all canary frequencies. As expected, the
trend of increased memorization (lower WER) with LM size
is even stronger for more frequent canaries (CAN2-CAN32).
Thus, while increasing LM model size is a common way to
improve performance, unfortunately this has the side-effect of
making unintended memorization worse.
4.3. Mitigation via per-example gradient clipping
Now that we have shown that LMs can memorize even single
frequency canaries in a large dataset, we focus on a strategy to
mitigate the memorization. In Table 3, we report the results on
different levels of per-example gradient clipping (discussed in
§2.2). At a clip norm of 32, no gradients are clipped. Thus, the
top row can be seen as a non-clipped baseline that is most prone
to memorization, similar to the models in §4.2. At a clip norm
of 0.5, 99% of the per-example gradients get clipped. At each
clip norm level, we train an LM on the canaries (70M-CAN),
along with a corresponding LM on the extraneous set (70MEXT) as a baseline. This allows us to make well-baselined
measurements of canary memorization, as the only difference
between the WER given by 70M-CAN and 70M-EXT is due to
the memorization of the canary sequences. All other factors,
including the canary structure and clip norm level, are identical
between 70M-CAN and 70M-EXT for each row.
A first observation is that the VS WER is mostly unchanged
regardless of the clip norm level, indicating that gradient clipping does not compromise model quality. Next, on CAN1,
70M-CAN obtains lower WERs compared to the correspond-

Table 3: WER of VS and CAN1 at different levels of gradient
clipping. Each testset is evaluated on 70M-CAN and 70M-EXT.
WERR is WER relative of 70M-CAN vs. 70M-EXT. Less negative values of WERR indicate more memorization mitigation.
Clip
norm
32
16
8
4
2
1
0.5

70M-EXT
6.24
6.23
6.27
6.27
6.26
6.30
6.19

VS
70M-CAN
6.26
6.30
6.22
6.29
6.29
6.23
6.28

70M-EXT

CAN1
70M-CAN

WERR (%)

24.21
25.16
25.12
24.79
25.00
24.93
24.39

20.45
22.55
23.10
23.48
23.39
23.37
23.50

-15.5
-10.4
-8.0
-5.3
-6.4
-6.3
-3.6

Figure 2: Percent WER relative (70M-CAN vs. 70M-EXT), or
WERR, on canary sets as a function of the gradient clipping
level. More negative WERR indicates more memorization. Conversely, less negative WERR indicates stronger mitigation.

ing 70M-EXT baseline at each clip level due to memorization.
The amount of memorization can be measured as the WER relative of 70M-CAN with respect to 70M-EXT, and we display this
value in the last column (WERR). WERR starts at -15.5% at a
clip norm of 32 and reduces to -3.6% at a clip norm of 0.5, making clear that the models trained with more aggressive clipping
(lower clip norm) can achieve significantly less memorization.
Figure 2 plots the WERR for canaries of all frequencies
(CAN0-CAN32) with respect to clip norm. Up to CAN8 (frequency of 8), there is a trend of memorization decreasing
(WERR becoming less negative) with more aggressive clipping
(smaller clip norm). Beyond that (CAN16 and CAN32), canaries are so frequent that they might be considered data to be
learned rather than idiosyncratic examples. We see clipping has
limited ability to mitigate memorization at these levels.
4.4. Membership inference attacks
We now examine whether the general reduction in memorization (as measured by WER) induced by gradient clipping in the
previous section can be used to identify individual training examples via a membership inference attack. We use the classifier
described previously in §2.3. Recall that this classifier works
by taking the partially obscured TTS audio waveform of a character sequence into the recognizer, and outputting “yes” if and
only if the recognizer is exactly correct.
We test our classifier on three models: (1) the model 70MCAN described in Table 2, whose training data includes the canaries but not the extraneous examples, and whose gradients are
not clipped, (2) a clipped version of 70M-CAN in which gradients were clipped to norm 1, and (3) a baseline model whose
training data does not include either the canaries or extraneous
examples. Our main metrics for attack efficacy are precision

and recall of the classifier over the combined canary and extraneous test sets. More explicitly, precision is the likelihood that
a positive membership prediction is correct, and recall is the
likelihood that each canary will be predicted as such.

Figure 3: Precision (top) and recall (bottom) of the membership
classifier on an unclipped model and a clipped model, as compared with a baseline model. The unclipped model (blue) shows
memorization (precision>50%) even for canaries with low frequency in the data. By comparison, the clipped model (orange)
is able to mitigate memorization at low frequencies.
Figure 3 shows our results. The classifier applied to the
baseline model has 50% precision and 13% recall. The precision value is equivalent to random guessing since the baseline
model has seen neither the canary or extraneous datasets. Given
the nature of our classifier, the recall value indicates the fraction
of examples the baseline model is able to perfectly recognize,
and serves as a reference value for the other two models.
Compared with the baseline model, the unclipped model
shows substantially improved precision and recall, even on canaries that appear only once in the data (58% precision and 18%
recall), and rising quickly from there as the canary frequency
increases. The membership classifier success saturates once canary frequency reaches 16, with precision above 80% and recall
close to 70%. By comparison, our results show that the clipped
model is more robust against such memorization—both precision and recall remain relatively low until canary frequency
reaches 8, and the attack does not saturate until a frequency of
32. Taken as whole, these results confirm that the results from
§4.2 do in fact carry over to membership inference.

5. Conclusion
In this work, we designed a framework for detecting unintended
memorization of rare or unique textual data in E2E ASR systems with fused LMs. We demonstrated the extent to which
such memorization of random sequences of data can be detected using our framework by conducting experiments on a
production-grade Conformer RNN-T ASR model with a Transformer LM. Lastly, we also showed the extent to which this gets
reduced using per-example gradient clipping.
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