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ABSTRACT

In conversational Al assistants, SLU models are part of a complex
pipeline composed of several modules working in harmony. Hence,
an update to the SLU model needs to ensure improvements not only
in the model specific metrics but also in the overall conversational
assistant. Specifically, the impact on user interaction quality metrics
must be factored in, while integrating interactions with distal mod-
ules upstream and downstream of the SLU component. We develop
a ML model that makes it possible to gauge the interaction quality
metrics due to SLU model changes before a production launch. The
proposed model is a multi-modal transformer with a gated mecha-
nism that conditions on text embeddings, output of a BERT model
pre-trained on conversational data, and the hypotheses of the SLU
classifiers with the corresponding confidence scores. We show that
the proposed model predicts aggregate defect metrics with more
than 76% correlation with the measured ones, compared to 46%
baseline.
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1 INTRODUCTION

The interactive speech interface of Conversational assistants like
Alexa, Siri, Cortana and Google Assistant has offered humans a
more naturalistic experience of voice-controlling their environ-
ments. As their adoption grows, these intelligent systems require
fast iterative updates to co-evolve with the ever changing variations
of human ambiance and interaction milieu. Owing to the modular
architecture of these agents, updates are typically introduced asyn-
chronously, by a team of developers with focal skillset, to only one
of the models making up the agent’s underlying pipeline. This can
be the Automatic Speech Recognition (ASR) model that transcribes
the voice prompt into textual request, the Spoken Language Un-
derstanding (SLU) model that maps the request to an intent and
named entities, or the response generator model which generates
the system response on the basis of the SLU mappings.

In this work, we will focus on SLU model updates and their
impact on the user interaction quality (IQ) [8, 19], or equivalently
on the IQ defect rate of the overall conversational assistant, i.e.
the fraction of unsatisfactory assistant’s responses. SLU is on the
core models of a conversational assistant and SLU model changes
can significantly affect the end-to-end performance, as for instance
an SLU error may unfold in a incorrect answer to the user. SLU
model updates may involve improving the underlying ML mod-
els or adding new intents or labels for new functionalities. Note
that SLU model updates only involve deploying to production a
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new SLU model, while the upstream and downstream components
are not changed. Before deploying a new SLU model, evaluations
must be performed to understand its impact on the overall system
performance, specifically on the IQ. However, performing such
evaluations is extremely challenging as: 1) the user IQ cannot be
computed before production as it would require a conversational
agent (e.g. a human) to interact with the system and try all possible
dialogues; 2) testing the SLU model standalone against a test set of
labelled data would not provide any indication on how the model
will interact with the other downstream and upstream components.
For instance, the new SLU model may improve over the current one
when tested standalone, but a change in the model output distri-
bution (for instance a change in the confidence score distribution)
may adversely affect the system’s performance when integrating
the SLU model in the overall pipeline and in turn increase the IQ
defect rate [16]. This may happen as, for instance, the downstream
components may have been calibrated towards the previous SLU
model outputs, hence leading to a performance loss with the new
SLU model distribution.

In this work, we develop a machine learning model, denoted as
pSLIQ (predicting Interaction Quality with SLU scores), to predict
the IQ defect rate by solely considering SLU related features, such as
the upstream ASR transcription and the corresponding confidence
score, and the top n SLU interpretations with the corresponding
confidence scores. Those are the only features available to SLU
developers when evaluating the new SLU model before release into
production. pSLIQ assesses the impact of a new SLU model on the
system’s response qualities, i.e. IQ defect rate, before deploying the
model in production. By leveraging a transformer architecture [26],
pSLIQ is able to learn the relationship and interactions between SLU
feature distributions and the other system components. Specifically,
pSLIQ is a multi-modal transformer where the text embeddings
through Bidirectional Encoder Representations from Transformers
(BERT) [5] are combined together with categorical and numerical
features via a gating mechanism inspired by [18], and a head feed-
forward network is then used for defect classification. To maximize
the performance, we first pre-train the BERT model with historical
conversational data.

To the best of our knowledge, this is in fact the first proposed
model to predict end-to-end dialogue interaction quality before
model deployment that could result due to SLU changes. As we will
see in Section 2, previous works either focused on computing the
assistant IQ defect rate by evaluating already existing dialogues
[1, 2,8, 12, 13, 15, 20, 21, 24] or, provided an already existing IQ
defect, to root-cause the failing component [3, 9, 23]. Differently,
in our use case, we are not aiming to measure but rather to predict
the IQ defect rate, utilizing SLU features only, i.e. the same features
available to developers when they perform SLU model evaluation
before deployment. To remark, note that the features used by pSLIQ
only account for a very limited subset of the whole feature set
available by the previously mentioned works [1-3, 8, 9, 12, 13, 15,
20, 21, 23, 24], where the latter can be obtained by the runtime logs
and used for measuring or root-causing IQ defects.

Importantly, predicting the impact of a new SLU model ahead of
deployment is the main application of pSLIQ. This enables develop-
ers to assess end-to-end performance changes of the conversational
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assistant without having to run expensive and time-consuming A/B
experiments.

We will present extensive results to show the performance of
pSLIQ in a commercial conversational assistant. Specifically, we
will show the pSLIQ can achieve an AUC of 81%, an Accuracy of
82%, an F1 score of 61% and recall of 81% in predicting an IQ failure
(or defect) over a defect-recorded dataset of user requests (note that
high recall is important here as it allows to identify requests which
will not be correctly handled); in addition we assess pSLIQ ability to
predict the aggregated defect metrics before new SLU model deploy-
ments and we show that the predicted IQ defect rate aggregate at
intent level before an A/B experiment has more than 76% Spearman
and Pearson correlation with the corresponding metrics measured
during the A/B experiment. We also show several ablation studies
to highlight the importance of pre-training the BERT model with
conversational data to enhance pSLIQ performance, as well as the
importance of including the utterance transcribed text together
with the SLU interpretations.

1.1 SLU model description

In this paper, we consider the conversational assistant architecture
as in [9, 17, 22]. When a user makes a request, it is first transcribed
by the ASR model which provides the text together with the cor-
responding ASR model confidence score. The transcribed text is
then input to the SLU model, which classifies the text to a specific
domain (domain classifier or DC), intent (intent classifier or IC)
and extract the labels (named or label entity recognition or NER).
The NER maps each token to a specific label, where the labels are
relevant to the intent, and classifies the non relevant ones as “other”.
The non-“other” label values are denoted as entities. For instance,
the utterance “play madonna“ is classified in Domain=Music, In-
tent=PlayMusic and NER=(“play:other Madonna:ArtistName”), and
the entity is Madonna. The output of the SLU model contains the
top n hypotheses in decreasing order of confidence scores, and
those are sent to the response generator. In this work we consider
n =5 [10]. For each hypothesis, the SLU model also provides the
individual confidence scores for DC, IC and NER. Note that the
overall hypothesis confidence score for each interpretation may
differ from the corresponding product of the DC, IC and NER as
re-scoring and re-ranking mechanisms may be applied within the
SLU model, as well as external signals for instance depending on
the device where the assistant is integrated (“play madonna” may
be used to play a song in a smart speaker and to play a video on a tv)
[25, 27]. Note that re-ranking, re-scoring and device features will
also be used to train pSLIQ. The top n hypotheses, together with
the utterance text, are then processed by the response generator to
resolve the entities and reply back to the user. The description of
the architecture is summarized in Fig 1.

1.2 User Interaction Quality

In a conversational assistant, an IQ defect is any response that is not
what the user wanted, specifically where the conversational assis-
tant either does not understand the question or the action requested
by the user, or it attempts to respond to the user request but does
so incorrectly or unsatisfactorily. In the literature, several works
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Figure 1: Architecture of a conversational assistant

have contributed to the research on evaluating the quality of re-
sponses in conversational systems, for instance using word-overlap
metrics like BLUE and ROUGE [12, 15] or user sentiment analysis
approaches [1, 2, 8, 13, 20, 21, 24]. In this work, we will consider the
user’s IQ defect by considering the evaluation framework proposed
here [8], as shown to be a robust indication of a conversational
assistant’s performance. The IQ defect in [8] classifies the data in
defect and non-defect based on the underlying dialog between the
user and the assistant and defects are detected when the assistant
cannot respond, in case of user barge-in or negative feedback, user
paraphrasing, or delayed responses [8]. However, note that pSLIQ
can be trained and applied to any defect and the one in [8] has been
Jjust chosen as a use case.

2 RELATED WORK

In addition of the IQ defect measurement [1, 2, 8, 12, 13, 15, 20, 21,
24] described in Section 1.2, several works in the literature have
focused their attention in providing insights in the root-cause of
a defect, for instance in the works in [3, 23] transformer-based
models were built to detect SLU domain or intent classification
errors using confidence scores, while the work in [9] proposed
a transformer model to find the failure point in a conversational
assistant (ASR, SLU, etc). However, all these contributions focus on
monitoring the performance on already existing dialogs, with all
the recorded logs and information of all the system components,
and not on predicting the IQ due to system changes, especially,
of a core component like SLU. This is key difference with pSLIQ,
where the opposite is applied i.e. the IQ defect rate is predicted from
the SLU features before deployment instead of looking at already
existing IQ defects and check if they were caused by the SLU model.

On the other hand, the problem of better evaluating ML model
performance over labelled test sets has been tackled in several
works, which include several techniques as sample selection bias
correction [4] or acquisition through active testing to remove bias
and reduce variance [6, 11, 14]. A method directly applicable to
an SLU model in a conversational assistant can be found in [16],

where a novel methodology was developed to re-weight the accu-
racy metrics over test sets and align them with the real performance
in production by offsetting the discrepancy in distribution between
the offline test set and the real traffic. However, all these meth-
ods consider and compute metrics on the SLU model standalone
and they do not take into consideration the complex interaction
between SLU and its upstream and downstream components in a
conversational assistant.

Unlike the previous works, our focus is to forecast in advance the
quality of responses due to a SLU model change before the model
is integrated with the other system’s components in production.
Differently from the previous works, we develop a model that on
one side only leverage SLU features, but on the other side learns the
interactions between the SLU model features and the other system
components which cannot be captured by testing the SLU model
standalone.

3 METHODOLOGY

In this section we describe the pSLIQ design. We start with the
training and test datasets of pSLIQ in Section 3.1. We then describe
the evaluation process on a A/B test in Section 3.2. Next, we describe
the features used by pSLIQ in Section 3.3. We finally present the
details of the transformer-based pSLIQ architecture in Section 3.4.

3.1 Training Set

We have pulled de-identified traffic data across several SLU model
releases of a conversational assistant and split in train, validation
and test using a 75/5/20 schema, leading to a training and test set
of 11.5 and 3.1 millions utterances, respectively, across several do-
mains, intents and labels. The pulled data contain the runtime logs
information of all the assistant components of when the data was
processed by the assistant. For each training data, we extracted
the corresponding IQ defect (if defect or not) as well as the SLU
related features such as the top 5 interpretations [10] with the cor-
responding confidence scores, both overall and for each component
DC, IC, NER, internal SLU specific signals for re-ranking and re-
scoring as well as the device of the assistant, the ASR transcribed
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utterance text and related ASR model score. Note that the IQ defect
was computed real-time by the assistant when the request was
made, i.e. “automatically” annotated by the system and no human
intervention was required (using the method in [8] described in
Section 1.2).

3.2 A/B experiment test set

In addition of evaluating the accuracy metrics over the test set
in Section 3.1, we have assessed pSLIQ’s ability to predict defects
due to a new SLU model before deployment. To this purpose, we
have leveraged an A/B test for the same conversational assistant.
Before the A/B test, we did in order a) pulled a random sample of
the traffic (prior of the A/B), b) input the pulled traffic through the
new SLU model, ¢) used the SLU output features as input for pSLIQ
for inference; d) aggregated the pSLIQ defect prediction results
at intent level, i.e. the predicted defect for each intent. We have
then correlated the aggregate prediction at intent level with the
measured IQ defect during the A/B test. To remark, we ran inference
with traffic before the A/B experiment to avoid any data leakage.

3.3 Features
We train the pSLIQ model on the following features:

(1) Numerical Features: The SLU top 5 hypotheses confidence
scores, including individual scores for DC, IC and NER; the
ASR score for the transcribed text.

(2) Categorical Features: The SLU top 5 hypotheses as well as
SLU specific internal signals as re-ranking, re-scoring and
the device where the assistant is placed.

(3) The transcribed utterance text given by the ASR output.

3.4 Architecture of pSLIQ

We use a multi-modal Transformer-based model (see Figure 2) to
combine the different features and compute defect prediction. Cate-
gorical, numerical, and text features are included separately, and for
text, a ‘bert-base-uncased’ BERT architecture ! [5] (but pre-trained
on conversational data as we will see in Section 3.4.2) is used to gen-
erate the embeddings. The features are then combined via a gating
layer to produce the multi-modal representation feeded into a two-
layers fully connected feed-forward network multilayer perceptron
(MLP) to produce defect prediction. The architecture was inspired
by [9] where text embeddings are also separately combined with
numerical and categorical features. While the purpose was slightly
different (root-cause the failing component for an IQ defect), the
same architecture also benefits our use case as the main difference
is that we need to encode and optimize on a smaller number of
features.

3.4.1 Gating Layer to combine features. The features are combined
using a gating mechanism inspired from [18]. Let x denote the
output of BERT model that represents the text feature, ¢ denote the
categorical features, and v denote the numeric features. The goal
is to use some weight matrices W, bias vectors b and activation
function o to process the features x, ¢, v and get a combined repre-
sentation as the multi-modal feature combination m. To get a good

Ihttps://huggingface.co/tftransformers/bert-base-uncased
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representation of the feature combination m, we consider a Multi-
modal Adaptation Gate (MAG) [18], which takes the summation of
linear transformed tabular features gated by the text features (see
the Gating Layer in Figure 2). First of all, we get the gating vectors
for the categorical features and the numerical features respectively:

ge = U(Wgc [c, x] + be); (1)

Go = c(Wy, [0, x] + by).
After getting the gating vectors gc, g», we could represent the non-
verbal features ¢ and v as a displacement vector h:

h=gc - (Wee) + gy - (Wyv) + bp; 2)

Subsequently we can get the combined representation m by taking
a weighted summation on x and h:

m=x+ ah, 3

where ¢ = min(f|x|/|h|,1) < 1 and f is a hyperparameter that
can be chosen from cross validation. Note that we have decided
to use the Gating Multimodal Adaption Gate (MAG) layer in [18]
as we are combining different sources, i.e. transcribed text, SLU
interpretations and scores. The core philosophy behind this is that
the non-verbal behaviors can have an impact on the interaction
quality of dialogues.

3.4.2 Two-stage training. The pSLIQ model is trained in two stages.
First, the BERT model is pre-trained with conversational assistant
de-identified historical data on a Masked Language Model (MLM)
loss. On the other hand, the gating layer and the classifier head
are initialized randomly. Then, in the second stage of training, we
fine-tune the whole network and the classification head is used to
compute the corresponding cross-entropy loss and update the net-
work parameters, while still fine-tuning the BERT model to better
adapt it to the specific task. For training, we have used an AWS EC2
instance 3.8xlarge, leading to a training time of approximately 8
hours for 5 epochs, while the inference time was approximately 45
minutes. Note that we tried to train the model for additional epochs
without seeing performance benefits, due to the limited number
of features and length of text size (commands to conversational
assistants), which limit the maximum learnable information from
those and thus the needed training.

4 RESULTS

We report here the results of the pSLIQ model on a commercial con-
versational assistant. First, we report in Section 4.1 the prediction
performance of pSLIQ model on the test set described in Section 3.1.
Second, we perform ablation studies: a) in Section 4.2 to analyze
the effect of pre-training of the BERT model, b) in Section 4.3 to
analyze the effect of text feature factorization. Finally, in Section 4.4,
we compute the correlation between the predicted and measured
aggregated defect at intent level in an A/B test.

4.1 Defect prediction Performance of pSLIQ

Table 1 shows the performance of pSLIQ. To benchmark pSLIQ, we
have considered as baseline the variant where the BERT model is
pre-trained over conversational data in the first stage of training
but no further fine-tuned during the second stage of training (see
Section 3.4.2 for details). Moreover, for the baseline model we have
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Figure 2: Architecture of pSLIQ (predicting Interaction Quality with SLU scores)

replaced the feed-forward head with the DeepFM structure in [7],
widely used for classification tasks in recommendation systems,
since we found in our experiments that DeepFM provides better
performance when the BERT parameters are frozen in the second
stage of training. We can see in Table 1 that fine-tuning BERT in the
second stage of training allows to obtain gains across all metrics.

Baseline | pSLIQ | Diff. (%)
AUC 0.69 0.81 +17.4%
F1 0.56 0.61 +8.9%
Precision 0.44 0.49 +11.4%
Recall 0.79 0.81 +2.5%
Accuracy 0.81 0.82 +1.2%

Table 1: Model performance for the defect classification task
when the BERT module is fine-tuned vs. not fine-tuned in
the second stage of training,.

4.2 Effect of Pre-training BERT on
conversational data

Table 2 compares the metrics of the pSLIQ model, where the BERT
module is pre-trained through MLM head with historical conversa-
tional data, with the metrics obtained by considering the variant
where the common BERT module is used, pre-trained with un-
cased English language from BookCorpus and English Wikipedia
(‘bert-base-uncased’ in [5]). We can see that pre-training the BERT
module with conversational data largely improves the defect pre-
diction performance as pSLIQ can better adapt to the user requests
made to a conversational assistant, and those data are significantly
different compared to books and wikipedia.

bert-base-uncased | pSLIQ | Diff. (%)
AUC 0.74 0.81 +9.5%
F1 0.49 0.61 +24.5%
Precision 0.37 0.49 +32.4%
Recall 0.72 0.81 +12.5%
Accuracy 0.52 0.82 +57.7%

Table 2: Model performance for the defect classification task
by pre-training the BERT model with different training sets.

4.3 Importance of the text feature and its
decomposition

An utterance text can be decomposed in carrier phrase and entities.
The carrier phrase is obtained by replacing in the text all the tokens
for which the NER provides a non-“other” classification with the
corresponding label. For instance, for the utterance “play Madonna”,
where NER=(“play:other Madonna:ArtistName”), the corresponding
carrier phrase is “play ArtistName”, and the separate entity itself is
“Madonna” (see Section 1.1).

We have investigated the impact of carrier phrase and entities
on the defect. The need to understand this decomposition arises
as defects may be due to the utterance shape, as some shapes are
more difficult to handle, or from the entities, as newer ones may not
be included in the system’s internal catalogs. Given the different
inputs, we have used the ‘bert-base-uncased’ model in Section 4.2
for the BERT module, pre-trained with uncased English language
but fine-tuned in the second stage of training.

Table 3 shows the results comparing the case where no text is
input in pSLIQ (Baseline) vs. only the carrier phrase (Carrier) vs.
only the entities (Entities) or when both carrier phrase and entities
are input (Both). We can see that not including any text degrades
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Baseline Carrier Entities Both
AUC 0.71 0.725 0.734 0.74
F1 0.47 0.48 0.49 0.49
Precision 0.39 0.39 0.40 0.37
Recall 0.60 0.58 0.63 0.72

Table 3: Model Performance for the defect classification task
with the decomposition of the text feature. We compare the
model performance with no text (Baseline), only the carrier
phrase (Carrier), only entities (Entities), both carrier phrase
and entities (Both).

the performance, while adding carrier phrase and entities increases
the AUC from 0.71 to 0.74. Note that the benefit from adding entities
is larger than carrier phrases, for instance in the utterance “play
Madonna”, the entity feature “Madonna” is more helpful than the
carrier phrase feature “play ArtistName” for defect prediction.

In addition, we have investigated whether it is more beneficial
in the training to input (a) carrier phrase and entities separately as
text features (b) the utterance text as in pSLIQ. Table 4 shows that
manual decomposition in input is not necessary and including the
text shows overall better performance.

Carrier Phrase | Utterance Text

+ Entities (pSLIQ)

Factorized Yes No
AUC 0.81 0.81
F1 0.56 0.61
Precision 0.43 0.49
Recall 0.81 0.81
Accuracy 0.68 0.82

Table 4: Model Performance for the defect classification task
by decomposing the text in carrier phrase and entities vs. the
utterance text as in pSLIQ.

4.4 Prediction of aggregate defect metrics for a
new SLU model deployment

The most important application of pSLIQ is the ability to predict
the IQ defect (rate) due to a new SLU model to be deployed into
production by leveraging SLU features only. To this purpose, we
have selected an A/B experiment and pulled recent traffic data be-
fore it for prediction, as described in Section 3.2. We have input
those data into the new SLU model and used the resulting SLU
output features as pSLIQ input for prediction. Regarding the ASR
confidence score, for utterance texts already contained in previous
traffic, we have matched the confidence score distribution, while
for new texts not present before we have considered a value of
0.5. We have then aggregated the predicted defect by intent and
correlated it, using both Spearman and Pearson correlation, with
the measured defect aggregated at intent level during the A/B ex-
periment. The results are shown in Table 5. For comparison, we
have computed the same correlations by considering accuracy met-
rics calculated by testing the new SLU model standalone. These
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metrics are obtained by considering a labelled test set and compar-
ing the output of the new SLU model with the reference DC, IC
and NER. In commercial settings, three metrics are widely used:
Intent Classification Error Rate (ICER) which is given, for each
intent, by the fraction of utterance with correct SLU hypothesized
intent among all utterances with reference that intent, the Infor-
mation Retrieval Error Rate (IRER) which is given, for each intent,
by the fraction of utterance with correct SLU hypothesized intent
and labels among all utterances with reference that intent, and
finally the SEMantic Error Rate (SEMER), given by SEMER(intent) =
(number of label errors within ir}tept * number of intent errors yvitchip intent) [9

(number of reference labels within intent + number of data within intent) >
16, 25, 28].

In Table 5 we can see than pSLIQ results are significantly better
correlated with the online measured metrics in both linear (Pearson)
relationship as well as Spearman correlation, where the latter mea-
sures the monotonicity of the relation between two variables. This
is because pSLIQ learns the relationship between the SLU model
features and the other system components, relationship which is
failed to be captured by testing the SLU model standalone. Moreover,
we can see that both Spearman and Pearson achieve a correlation
slightly higher than 0.75. As pSLIQ attempts to predict the IQ defect
leveraging SLU features only, a 100% correlation would not be pos-
sible. However, the results in Table 5 indicate that leveraging SLU
features allows to capture more than 75% of the correlation, show-
ing the impact of the SLU model in the end-to-end voice assistant.

Correlation | pSLIQ | ICER | SEMER | IRER
Spearman 0.764 | 0.283 | 0.241 | 0.087
Pearson 0.773 | 0.464 0.450 0.325
Table 5: Comparison of correlations between pSLIQ predicted
aggregate defect rate vs. standalone SLU model testing met-
rics with measured aggregated defect rate on A/B test.

5 CONCLUSIONS AND FUTURE WORK

We present an effective machine learning system to predict interac-
tion quality defect due to SLU model changes in a conversational
assistant. We leverage a multi-modal transformer architecture with
a gating mechanism to combine text embeddings, obtained by a
BERT model pre-trained on conversational data, together with nu-
merical and categorical SLU features. The model predicts with more
than 76% correlation the aggregate defect rate of a new SLU model
in production, enabling the ability to evaluate SLU model changes
without running expensive A/B tests. This allows us to overcome
the issues of testing the SLU model standalone, as standalone testing
does not consider the complex interaction between the SLU model
and the other system components, leading to poor correlation with
the real metrics.

This model has two main limitations: 1) it can only be trained
on a single defect at a time; 2) it considers each request individu-
ally, without taking into consideration the underlying dialog. As
future work, we want to extend pSLIQ to a Multi-task transformer
to predict several defects simultaneously, as well as trained on
conversations instead of single requests.
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