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Abstract
The presence of dialogue systems is rising in a wide array of industries. While complex, human-like conversational ﬂow and turn-taking have been the focus of recent research advances, we make the point that direct answers are equally important in humanbot interactions. This is especially true in an information seeking task where prompt,
correct answers with minimal back-and-forth are desirable. We deﬁne a direct answer as
a response given to a user query without requiring further clariﬁcations from the user.
To determine whether a direct answer is to be given or not, a threshold is applied to
the to the conﬁdence level of the predicted intent; in the case where the conﬁdence is
higher than the threshold, the user receives a direct answer. This threshold is often set
intuitively or on the basis of a few observations, usually between 50% - 75%. In this
paper, we propose a method to estimate this threshold based on the intent classiﬁcation
conﬁdence level combined with several intent volumetrics. The goal of our method is to
maximize the number of correct direct responses for as many intents as possible in order
to minimize user frustration from unnecessary requests for clariﬁcations. Moreover, our
method is applicable in the earlier stages of a dialogue system when real interaction
logs are scarce. We show that our method improves the accuracy of directly answered
queries by 3 to 14% while maximizing the number of accurately answered intents on two
dialogue system datasets of 32 and 152 intents.
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1. Introduction
Dialogue systems are becoming increasingly present in many industries, allowing the
automation of various tasks such as information seeking, and booking appointments, among
many other tasks [1]. With a growing oﬀering of dialogue systems by many corporations,
consumers’ expectations are rising when it comes to conversational AI interactions. One
key element in providing the best user experience is the capacity of the dialogue system
to provide the user with an accurate, direct answer. A direct answer interaction is deﬁned
as a query or natural language question that receives an answer without requiring further
information or clariﬁcations from the user [2]. The ﬂipping-point between providing a direct
answers and requesting further query clariﬁcations is usually set by a threshold applied to
the conﬁdence level of the intent prediction. This threshold is often decided to be not too
high but not too low, often based on intuition or a few observations rather than statistical
grounds. Setting the threshold too low will cause the bot1 to respond hastily with potentially
non-relevant answers. Setting the threshold too high might raise inquisitive behaviour as
the bot constantly requires further clariﬁcations. Both scenarios could cause frustration
and subsequently user dissatisfaction as they lose trust in the bot and its reliability [3–
5]. We propose a systematic approach to determine the optimal response threshold for
a dialogue system. We view this as an optimization problem, wherein a trade-oﬀ exists
between the accuracy of predicting the right intent and the number of intents in a dialogue
1Our work considers a customer support question answering scenario. We use "bot", in this context, syn-

onymously to a dialogue system for simplicity.
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system. We deﬁne an optimization function that maximizes both the accuracy and number
of intents that can be responded to directly. The goal of this process is to come up with
a recommendation of the threshold value on a statistical basis rather than intuition. We
conducted our experiments on two question-answering datasets that we obtained from our
live dialogue systems. We show that our proposed method improves the accuracy of intent
prediction of directly answered queries in both cases by 3-14% while maximizing the number
of accurately answered intents compared to the intuitively-set threshold of 70%.
The rest of the paper is arranged as follows: Section 2 outlines related work. Section
3 describes our datasets, followed by the experimental setup in Section 4. We discuss our
results in Section 5. Finally, Section 6 concludes our work and discusses future avenues.
2. Related Work
Conversational information seeking has been receiving increasing interest in various studies recently. Many of these studies analyzed real human-human interactions to better understand conversational ﬂow and behavior [6, 7]. The goal is often to understand and reﬂect
those behaviors in human-conversational AI interactions. Clariﬁcation questions [8] and
turn-taking [9, 10] are some of the recurrent topics in that area. Some dialogue systems are
built to engage in a conversation with a user and are known as companion dialogue systems
or chatter bots [11]. On the other hand, direct answers (when no further clariﬁcations are
required) is a less researched topic despite its prevalence in a natural conversation. In this
case, a query or natural language question receives an answer without requiring further
information or clariﬁcations from the user [2]. Generally speaking, dialogue systems will
provide a user with a direct answer if the conﬁdence of a predicted intent is greater than a
certain response threshold. Yu et al. proposed a method for threshold optimization which
uses a Markov Decision Process (MDP) combined with reinforcement learning [12] where the
threshold is adjusted and re-adjusted as more interactions are performed. In this process,
the number of training instances and the range of thresholds constitutes the state space in
the optimization problem. This method relies on deploying the dialogue system online and
requires a large amount of interactions in order to ﬁnd the optimal threshold. The question
that remains open is how to set the threshold in the earlier stages of a dialogue system.
In the context of a question-answering task in Information Retrieval (IR), Fleischman et
al. propose to optimize the classiﬁcation threshold such as to maximize the recall of the
question answering system [13]. Another proposed approach is to optimize the threshold
for each individual question thus focusing on a ﬁne-grained gain on a question level [14].
The main diﬀerence between IR question answering task and dialogue systems is that the
former does not take into account the number of intents (the variety of topics the dialogue
system can support). Thus, instead of relying on intuition on what is deemed to be a
good threshold, we view this as an optimization problem, where there is a trade-oﬀ between
accuracy and the number of intents in a dialogue system. We deﬁne an optimization function
that maximize both accuracy and number of intents that can be responded to directly. Our
method has the advantage of being applicable in the scarcity of logs during the initial stages
of a dialogue system and can serve as a guideline to initially set the threshold level in an
informed fashion. Our method can also be re-used throughout the dialogue system life-cycle
to re-adjust this threshold as more logs are available and more intents are covered.
3. Datasets
We conducted our experiments on two datasets that are based on logs of interactions of
real users with our corporate conversational AI systems. The main diﬀerences between the
two datasets are the domain and the volume of intents covered as explained below. The
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interactions were in the context of customer support question answering scenario and can be
divided into two types: ﬁrst, interactions on general queries, such as "how do I change my
password?" and "open a new account". These interactions originate from a dialogue system
wherein users had not signed into their proﬁles or accounts. We refer to this type as prelogin. The second type is what we refer to as post-login 2, which, as the name indicates,
is based on interactions with another dialogue system wherein clients had identiﬁed their
credentials into the transactional platform. In this case, the intents are more speciﬁc such
as "visualising the details of a certain transaction" and "how to perform an online payment".
The pre-login dataset comprises of 900 samples that were randomly pooled from logs
of real user interactions that took place throughout October 2020. In all those interactions, the conﬁdence of the predicted intent was above 50%. We deﬁne an interaction as a
query-response pair, wherein the query was asked by the user, and response was given by
the dialogue system based on the predicted intent of the query. Those interactions were
then annotated manually to determine whether the predicted intent was correct. The vast
majority (around 87%) of those interactions were in French, and only 115 interactions were
in English. The annotated interactions cover 23 unique predicted intents out of 32 total
intents covered by the dialogue system. The annotated interactions were then split into
three disjoint subsets of 300 each. We will refer to these partitions as PRE-1, PRE-2, and
PRE-3.
The post-login dataset also consists of 900 randomly sampled logs of real user interactions
that occurred during the month of November in 2020. Similar to pre-login, those interactions
were manually annotated for intent prediction correctness and, as mentioned above, the
conﬁdence level of intent prediction was above 50%. Once again, the post-login interactions
were majorly in French with only 175 interactions in English. The number of unique intents
predicted in this set is 152, which reﬂects a richer coverage of topics in those interactions as
this dialogue system covers a whopping 271 intents. Those 900 annotated interactions were
then split into three disjoint partitions of equal sizes (300 hundred each). We refer to these
partitions as POST-1, POST-2, and POST-3.
All the interactions described above are completely disjoint from the training samples of
both dialogue systems, as these systems were already trained prior to those interactions.
4. Methodology
Our dialogue systems are based on the Rasa framework. The pipeline consists of the
following components: the ﬁrst one is a pre-processor, which performs several Natural Language Processing (NLP) steps such as tokenization and featurization of the queries to obtain
sparse representations at word and character levels. The second component is Rasa’s own
intent classiﬁer DIET [15] with a Natural Language Understanding (NLU) model that we
trained for 200 epochs each. The third component in the pipeline is a disambiguator which
is activated whenever the intent classiﬁcation conﬁdence level is lower than a certain threshold, 70% in our experiments. This disambiguator requires the user to conﬁrm whether the
bot understood the intent correctly or not. This disambiguation component resolves intents
classiﬁed with lower conﬁdence further by suggestion pertinent alternative formulations of
the user query. In the case of high enough conﬁdence, a direct answer is given without the
need to activate the disambiguation component. It is this threshold that we aim to optimize
using our proposed method.
The pre-login dialogue system has a fairly narrow domain that concerns mostly login
problems, such as forgotten credentials, wrong email or password. It was trained with 708
2Note that even though the user is authenticated, their interactions with the dialogue system are anonymized

and any potentially personal or sensitive information was masked or removed for the purpose of this work
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examples in English, and 1053 examples in French. The post-login dialogue system covers
271 intents, and was trained with 3955 examples in French and 3112 examples in English.
We deﬁne the accuracy as the classiﬁer’s ability to distinguish between the intents, which
translates into the bot’s ability to provide a relevant response. For a given sample of
a dialogue system, we pose the following optimization problem: both the accuracy and
number of intents must be maximized at a certain conﬁdence threshold. As the threshold
increases, there is a trade-oﬀ between accuracy and the number of intents, where accuracy
increases, but the number of intents decreases. Thus, we propose to maximize the following
equation:
maximize

A2 × N

subject to

A ∈ [0, 100]

A,N

(4.1)

and N ∈ Z+

Where A is the accuracy and N is the number of intents. This creates a curve with a global
maximum. The threshold at which the global maximum occurs is thus the optimal conﬁdence
threshold for a given sample. Each sample is likely to yield a diﬀerent optimal threshold.
Therefore, to determine the conﬁdence threshold for the entire system, the optimization
process described above is repeated three times, once on each of the partitions of the datasets.
Once all three optimal thresholds are recorded, one for each sample, the arithmetic mean of
the three thresholds is considered to be the optimal direct answer threshold for the entire
dialogue system. To summarize, for the pre-login system, we perform three iterations, one
for each of the partitions PRE-1, PRE-2, and PRE-3. The recommended threshold is the
arithmetic mean of the threshold that maximizes each partitions. Similarly, the threshold
computed over the runs POST-1, POST-2, and POST-3 (refer to Figures 1a and 1b for
optimization curves).
5. Results and Discussion
In this section, we present our results and observations for the pre- and post-login datasets
compared to their respective baseline systems (threshold 70%). A notable observation is

(a)

(b)

Figure 1. Optimization curves for pre-login (left) and post-login (right) using our proposed optimization function. The x-axis represents the possible conﬁdence threshold%,
and the y-axis represents the optimization function applied on the intent prediction accuracy and the number of intents, as described in 4.1. The maxima are indicated with
ﬁlled-circles. The vertical dotted line is the arithmetic mean of these maxima, which
represent the recommended thresholds
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Table 1. Direct answer threshold optimization for pre-login (left) and post-login (right)
using our proposed optimization function. The systems marked with * and † represent
the baselines for pre-login and post-login systems respectively with a conﬁdence threshold
of 70% . N represents the number of intents covered in each case
Run
PRE-1
PRE-2
PRE-3

Threshold
70%*
87%
70%*
86%
70%*
86%

Accuracy
58.21%
72.50%
52.91%
66.05%
54.50%
64.71%

(a)

N
12
10
13
13
13
12

Run
POST-1
POST-2
POST-3

Threshold
70%†
88%
70%†
75%
70%†
82%

Accuracy
60.89%
73.50%
67.45%
71.05%
66.82%
76.73%

N
54
42
51
49
50
45

(b)

that as the conﬁdence threshold increases, the accuracy increases as well, however, the
number of intents covered by a direct answer decreases. In Tables 1a and 1b we can see
that the optimized threshold using our proposed method increases the overall accuracy for
both the pre-login and post-login systems with respect to their baseline counterparts that
use an intuitively chosen 70% threshold. In Figures 1a and 1b we can see that the generated
curves possess a global maximum for each partition, PRE-1, PRE-2, and PRE-3 for prelogin, and POST-1, POST-2, and POST-3 for post-login. The marked peak in each curve
reﬂects the maximization of both the accuracy and the number of intents, thus projecting
the optimal threshold for the partition at hand. As a concrete example, PRE-1 optimal
threshold lies at around 86%. The vertical dotted line in each graph indicates the optimal
threshold obtained from averaging all three peaks and hence constitutes the recommended
direct answer threshold per our method. In the pre-login system, the optimization process
increased the accuracy by 10% to 14%, while roughly keeping the same number of intents.
As for the post-login system, a notable increase in accuracy is also observed, between 3%
and 12%. However, this latter increase is accompanied by a slight decrease in the number
of intents covered.
6. Conclusions and Future work
In this paper, we propose an optimization methodology to set up the threshold for triggering a direct answer as opposed to responding to the user with clariﬁcation questions.
Our method estimates an optimal conﬁdence threshold that maximizes both the response
accuracy and the number of intents covered. We show that our proposed method improves
the accuracy between 3% and 14% (absolute) over the baseline threshold for both datasets.
The main advantage of this method is that it can be applied during the early stages of building and releasing the dialogue system as well as during more mature or advanced stages.
The optimization can be performed with training data and scarce logs so as to set an optimal direct answer threshold before deploying the system. In the absence or scarcity of real
logs, a small test set of queries can be annotated as described in Section 3 to set an initial
threshold. Afterwards, the threshold can be assessed and re-optimized iteratively as more
interactions become available.
As future steps, we would like to experiment with various optimization functions and
study the impact of those variations. For instance, we could explore the impact when
accuracy and intent counts are given equal importance, or by accounting for the average
number of training samples for all intents into the function. Also, we would like to explore
the behavior of the optimization method with datasets of diﬀerent sizes, such as a much
larger number of intents, intents with various numbers of samples, and such combinations.
Another possible avenue would be to explore direct answer threshold optimization for each
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intent, instead of system-wide optimization. Such an approach might take into consideration
several factors, such as the frequency of the intent in real conversations, the number of
samples in the initial training set, as well as inter-intent confusions, that is, intents that are
often confused by the classiﬁer due to their semantic closeness.
7. Reproducibility
We used Rasa Open Source, version 1.10 which can be installed from https://rasa.
com/docs/rasa/installation/. We plan on making the datasets available publicly in the
medium term. In the meantime, the datasets can be provided upon request by contacting
one of the authors.
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