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Abstract
Current pre-trained Large Language Models applied to chat-
bots are capable of producing good quality sentences, handling
different conversation topics, and larger interaction times. Un-
fortunately, the generated responses highly depend on the data
on which the chatbot has been trained on, the specific dialogue
history and current turn used for guiding the response, the in-
ternal decoding mechanisms, ranking strategies, among others.
Therefore, it may happen that for the same question asked by
the user, the chatbot may provide a different answer, which in a
long-term interaction may produce confusion.

In this paper, we propose a new methodology based on three
phases: a) automatic detection of dialogue topics using zero-
shot learning approaches, b) automatic clustering of distinctive
questions, and c) detecting inconsistent answers using K-Means
clustering and the Silhouette coefficient. To test our proposal,
we used the DailyDialog dataset to detect up to 13 different
topics. To detect inconsistencies, we manually generated multi-
ple paraphrased questions. Then, we used multiple pre-trained
chatbots to answer those questions. Our results in topic detec-
tion show a weighted F-1 value of 0.658, and a 3.4 MSE to
predict the number of different responses.
Index Terms: chatbots, inconsistent responses, zero-shot topic
detection, clustering.

1. Introduction
In recent years, the number of open-domain conversational sys-
tems has increased due to multiple factors. On the one hand,
the interest from companies in providing alternative means of
communication with clients and potential users, as well as a
mechanism to reduce operational costs. Users are also becom-
ing more familiar with these types of system, expecting them
to provide quick answers to their requests or questions, provid-
ing entertainment, a deeper understanding of their needs, and
serve as an alternative mechanism for interaction. Finally, the
technology has also brought important improvements in terms
of consistency, knowledge, engagement, and even empathy.

In terms of technology, the usage of pre-trained Large Lan-
guage Models (LLMs), in combination with information re-
trieval techniques and controlled generation, is responsible for
very interesting chatbots such as BlenderBot vs 3.0 [1], Lamda
[2], or our chatbot Genuine2[3] developed at the Alexa Prize
Socialbot Challenge (SGC4). However, chatbots can generate
different responses over a similar semantic user’s question due
to multiple factors such as a) the data used to train the model
may include contradictions, b) the effect of variations in the
dialogue history and user’s questions (i.e., paraphrases), or c)

the usage of different decoding mechanisms to generate the re-
sponses (e.g., top-k, top-p, greedy search, beam-search), which
in a long-term interaction may generate confusions.

On the other hand, open-domain chatbots must deal with
multiple topics along a conversation. Therefore, accurate and
fine-grained detection of the different topics is highly relevant
to keep track of the interaction, deciding the next states in the
conversation, and providing relevant information. For instance,
a user could be talking about the music performed by his/her
favorite singer, who is also starring in a recent movie; therefore,
the chatbot is required to keep track of which topic (e.g., enter-
tainment) and subtopic (e.g., music) the user is talking about to
avoid producing an answer that could potentially break the dia-
logue. Unfortunately, most topic classifiers are static as they can
only classify the limited number of classes seen during training.

In this paper, we describe some practical solutions to over-
come some of the limitations mentioned above. First, we
present a hierarchical algorithm for topic classification based on
the use of zero-shot learning strategies. The algorithm is tested
over a set of 13 topics found in 1000 randomly selected and
annotated dialogue turns from the DailyDialog dataset. Sec-
ond, we introduce an automatic algorithm to detect inconsisten-
cies in chatbot responses. The algorithm makes use of cluster-
ing strategies to detect multiple semantic variations of the same
user’s question and to detect when the provided answers are dif-
ferent (inconsistent). Finally, it proposes the answer that is most
commonly found (centroid) which can be used to control future
generations of chatbot responses. Our preliminary results show
the advantages of the proposed methodologies.

The paper is organized as follows. In section 2, we describe
the dataset used for the topic detection task, and the creation of
the dataset used for the automatic detection of inconsistencies.
Then, in section 3 we describe both algorithms. In section 4
we show our preliminary results. Finally, section 5 presents our
conclusions and future work.

2. Datasets
For the zero-shot topic detection, we used the DailyDialog
dataset [4] that contains high-quality human-written conver-
sations that cover a wide range of generic topics, such as re-
lationships, daily life, and work. Conversations on DailyDi-
alog are mainly for information exchange and improving so-
cial bonds. Table 1 shows some of the statistics of the dataset.
We processed the 13k turns and randomly selected a total of
1000 turns to automatically detect the topic for each turn us-
ing the method described in section 3.1. Then, a group of 4
experts manually annotated the selected turns (250 turns each
one), classifying them according to one of the following topics
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Table 1: DailyDialog dataset statistics

Info Statistics

No. conversations 13,116
Avg. No. turns per dialogue 7.85
Max. No. turns per dialogue 35
Avg. No. tokens per turn 15.80
Max. No. tokens per turn 300

Table 2: Example of questions and paraphrases created for the
detection of inconsistencies.

Question Paraphrases

What is your
favorite sport?

Which is the sport you like the most?
My favorite sport is basketball, and
yours?
What kind of sport do you like?

What is your
favorite book?

What is the title of your favorite book?
Which book you always like to read?
Hi!! I like reading, which book is your
most favorite one?

What is your
job?

What do you do for a living?
What do you do for work?

(numbers in parenthesis represent the number of occurrences in
the data): animals (12), books (4), cars (56), family (39), fash-
ion (108), finance (119), food (184), movies (6), music (15),
photography (4), sports (27), weather (7), and the bag-like cate-
gory others (419). Annotators could optionally provide a more
specific category than the generic others if they wish for future
research.

For the detection of inconsistencies (see section 3.2), we
manually created a set of 15 different questions and their cor-
responding paraphrases (in future works we will try more scal-
able mechanisms for creating the paraphrases or use actual in-
teraction logs with real users). For the paraphrases, we ensure
that the same semantic meaning and intent are maintained. Ta-
ble 2 shows some examples of the questions and paraphrases
generated. A total of 107 questions and paraphrases were col-
lected (i.e., average of 6.3 paraphrases per question). Then, we
used four different SotA pre-trained chatbots to collect their an-
swers to the set of questions and paraphrases created before.
In concrete, we selected: a) DialogGPT-large [5] available in
HuggingFace1, b) BlenderBot vs 2.0 (90M), c) BlenderBot vs
2.0 (2.7B) [6, 7, 8] both available in ParlAI 2 and 3, and d)
Seeker [9] available in 4 without using its retrieval search mod-
ule.Then, we asked four expert annotators to read the answers
provided by each chatbot to the different questions and para-
phrases and count how many different semantic responses each
chatbot generated. In theory, each chatbot should generate a
single coherent answer, but our results show an average of 4
different answers (see section 4). The Krippendorff alpha for
inter-annotator agreement was 0.74.

1https://huggingface.co/microsoft/DialoGPT-large
2https://parl.ai/projects/blenderbot2/
3https://parl.ai/projects/recipes/
4https://parl.ai/projects/seeker/

3. Architecture
This section describes the proposed algorithms for the zero-shot
topic classifier and detection of response inconsistencies.

3.1. Zero-Shot Topic Classification

The purpose of this algorithm is to detect, in a scalable and flex-
ible way, topics and subtopic classes found along the different
turns in a dialogue, and without requiring training an ad-hoc
topic classifier. The advantage in this case is that the number
of topics or subtopics can dynamically be extended without re-
quiring any labeled data or re-training.

Our algorithm is based on the zero-shot classification pro-
posed in [10] which considers classification as the result of a
natural language inference (NLI) process. We used the De-
BERTa model proposed in [11] and available as the nli-deberta-
base model from HuggingFace5.

In the approach proposed by [10], they use a pre-trained
MNLI sequence pair classifier, where the classification is per-
formed by embedding sequences into the same latent space
and measuring the distance between them. In this case, the
NLI approach considers there are two sentences: a ”premise”
and a ”hypothesis” the pre-trained model is asked to determine
whether the hypothesis is true (entailment) or false (contradic-
tion) given the premise. Here, the ”premise” is the sentence to
classify, and each candidate label is considered an independent
”hypothesis.” Then, the probability on how much the NLI model
predicts that the premise ”entails” the hypothesis is stored and
used to rank the given set of labels, selecting as topic the one
with the highest probability.

Unfortunately, the problem with this approach is that it will
not scale if the number of labels is too large and will not al-
low to quickly find subtopics (i.e., a fine-grained analysis of the
topic of the conversation). Therefore, we decided to divide the
process into two steps. In the first step, a high-level set of words
is defined, which are considered topics. For example, entertain-
ment, sports, family, science, etc. Then, the zero-shot classifier
is used over this set of labels, and the keyword with the higher
probability (and above a given threshold) provides the detected
topic. Then, the selected keyword passes to the second phase,
where a more specific set of word-labels is used to detect sub-
topics following the same criteria. For example, for the first-
level sports category, the second set of labels could be base-
ball, basketball, soccer, or tennis, allowing a more fine-grained
sub-topic detection. The advantages of this process are a) the
set of words at each level can be changed depending on the fi-
nal domains and number of topics/sub-topics to detect, and b)
the number of hierarchies can be extended to account for more
fine-grained detection, e.g., player, coach, stadium, team, etc.
Therefore, the process is scalable and easy to modify.

5https://huggingface.co/cross-encoder/nli-deberta-base

Figure 1: Process flow for detection of response inconsistencies.
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3.2. Detection of response inconsistencies

The second algorithm is intended for the automatic detection
of response inconsistencies in chatbots. Multiple factors are re-
sponsible for these inconsistencies: a) contradictory informa-
tion found in the training data of the LLM, b) usage of dif-
ferent decoding strategies and parameter values for generat-
ing variations in the responses, e.g., top-p, top-k, greedy beam
search, temperature, etc., c) paraphrase variations in the ques-
tions posed by the user, d) differences in the dialogue context
used for generating the chatbot response, or e) usage of differ-
ent re-ranking strategies for selecting the final answers.

Our algorithm follows 5 steps as shown in figure 1. The
first step starts by disposing of a set of question-answer pairs
collected from the logs of the chatbot or from a set of manu-
ally built dataset of questions and paraphrases and the respec-
tive chatbot answers (as described in section 2).

For the second step, we classify the topic of each ques-
tion using the zero-shot method described in section 3.1 and se-
lect those with the same topic/subtopic generating topic-related
batches to speed up and focus the following steps. For this pa-
per, we used the ground-truth labels.

In the third step, we cluster similar questions from the same
topic or subtopic using BERTopic [12]. This is an unsuper-
vised algorithm that attempts to discover coherent groups by
extracting sentence vector embeddings using sentence-BERT
[13], then reducing the dimensionality of the sentence embed-
dings using UMAP [14], then using the HDBScan clustering
algorithm [15], and finally extracting the representation of the
cluster using a variation of the TF-IDF formulation, called c-
TF-IDF (class-based term frequency - Inverse document fre-
quency), which models the importance of the words inside each
detected group, also allowing detection of the most representa-
tive sentences for each group. Once the question groups are de-
tected, we select the most representative question for each group
using the functionalities provided by BerTopic. The motivation
for selecting only one question as representative (i.e. centroid)
of the group is because all the other questions are similar (i.e.
they are paraphrases) and therefore they will not contribute to
detect differences in the chatbot answers during step four.

In step four, we select all the answers that belong to the
questions that were grouped together in the previous step. Here,
we optionally calculate the cosine similarity between all the an-
swers and the representative question and remove those answers
whose similarity is below a given threshold (in our case, 0.5) to
remove additional noise in the answers.

For step five, we propose a proxy mechanism to measure
the existence of inconsistent answers (section 4 shows there is
correlation between our proposed method and the actual num-
ber of inconsistent answers). Here, we extract the sentence em-
bedding to each answer for a given group, then we apply the
K-Means algorithm to cluster all the answers and estimate the
Silhouette coefficient varying the number of groups from two
to the number of answers minus one. Then, we estimate the
average Silhouette coefficient and the Silhouette coefficient per
sample. The number of clusters that provides the highest num-
ber of samples with a Silhouette coefficient higher than the av-
erage value is selected as a proxy for the number of different
generated chatbot responses. In case, the system is unable to
find good clusters, then a single cluster is considered. Finally,
the system also calculates the centroid answer and finds the an-
swer closest to it, providing it as the best candidate to be used
for controlled generation (e.g., for using with TransferTransfo
[16] or for constrained beam search generation [17]).

4. Results

First, we provide the results for zero-shot topic detection. Fig-
ure 2 shows the F1 results for the 13 high-level topics (includ-
ing the Others class), found in one thousand sentences selected
from DailyDialog, when considering different thresholds for the
zero-shot model. As we can see, finding a global threshold is
difficult, since there are large variabilities in the F1 depending
on the selected threshold.

On the other hand, figure 3 shows the result for each topic
when the threshold is set globally at 0.9. The figure shows that
the macro-F1 is 0.575, while the weighted F1 is 0.658. These
results are highly promising when considering the number of
topics and that the model is not specifically trained for the task
of topic detection.

We can see in the figure that the categories with the best
results are food, movies, music, and sports, which we ascribe
to a good selection of the keywords used for setting the ”hy-
pothesis” sentence in the NLI, and to the similarity of the data
used for training the selected NLI model. In addition, we found
that categories such as books, photography, or weather are not
easily recognized. After checking the results, we found that
the ”premise” sentences did not provide enough context for the
model to detect the topic, while for a human it could be slightly
easier to understood, e.g. ”Four by six, except this one. I want
a ten by thirteen print of this one. Okay, they’ll be ready for
you in an hour.” annotated as category photography, or ”There
are various magazines in the rack. Give me the latest issue of
’National Geographic’.” annotated as category books.

Regarding the detection of inconsistencies, table 4 shows
the statistics for the 4 different chatbots and annotators, as well
as the ability of the proposed algorithm to detect the correct
number of inconsistent answers. As we can see, the results are
very promising considering that most of the generated sentences
are very similar syntactically and semantically speaking and
that the differences in the responses are due to small changes
like usage of different entities or negations, which are difficult
for the system to detect. The results also show that the most
consistent chatbot is BlenderBot Vs 2 (2.7B), in contrast with
the 400M version, which is in line with recent studies that show
that a higher number of parameters in DNN models correlates
with better consistency and knowledge capability.

To measure the capability of the model to predict the num-
ber of inconsistencies, we used the Mean Squared Error (MSE)
between the average of the human annotated and the predicted
number of clusters. In this case, the overall MSE is 3.4 which
is a very good number considering also the average number of
different responses found in the annotated data w.r.t. the aver-
age of different responses predicted by the model. Although the
result is good, we found that when the difference was too high,
it was due to the generation of generic/dull responses which
are semantically different, but when projected their correspond-
ing sentence vector embeddings are set closer each to the other,
therefore generating a unique large cluster. The other cases oc-
curred due to small changes in the names of the entities but not
in the rest of the sentence, e.g.: ”I like to listen to the band
The Killers.” and ”I like the one from the band The Who.” Ad-
ditional examples are shown in table 3. Finally, we also found
that the BERTopic model was able to find 13 out of the 15 differ-
ent types of questions manually generated. The two errors were
due to the reduced number of paraphrases for those particular
questions to generate an independent cluster.
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Table 3: Examples of responses and annotations.

Paraphrase Response Avg. Annot. Avg. Pred.

What is your favorite animal? I don’t really have a favorite animal, but I do have a dog. Do
you have any pets?

2.3 2.0

Tell me your most loved ani-
mal?

I love all animals, but I think my favorite is dogs. Do you have
a favorite?

Which animal do you like the
most?

I love all animals, but I think I’d have to say dogs. They’re the
best.

What is your most loved kind of
animal?

I love all animals, but I think I would have to say dogs. They
are the best.

Do you have any children? Yes, I have two children. I have one son and one daughter. Do
you have children?

2.8 3.0

Do you have any kids? No, I don’t want any kids. Do you have kids? If so, how old are
they?

How many kids do you have? I have two boys and one girl. Do you have kids? If so, how old
are they?

How many children do you
have?

I have two children, one is a boy and the other is a girl. Do you
have any children?

Figure 2: F1 variations for zero-shot classification over different thresholds and topics.

Figure 3: F1 results over different topics for th=0.9. The macro
F1 is 0.575, while the weighted average F1 mean is 0.658.

Table 4: Statistics of the different responses generated by se-
lected chatbots and predicted results.

Chatbot Avg. No. Responses Av. Predicted MSE

Seeker 4.0± 1.7 4.0± 1.7 3.1
DialoGPT-Large 4.3± 2.1 3.1± 2.0 5.4
BBvs2.0 (400M) 4.0± 1.6 4.6± 2.2 2.4
BBvs2.0 (2.7B) 3.7± 1.6 3.3± 1.9 2.8

Overall 4.0± 1.7 3.8± 2.0 3.4

5. Conclusions and future work
In this paper we have introduced and presented initial results
for two algorithms intended to detect topics in open-domain di-
alogues using zero-shot approaches in a scalable and practical
way, and a method to automatically detect inconsistent answers
in generative-based chatbots using automatic clustering tech-
niques. Our results show that the topic detection algorithm can
provide an F1 weighted score of 0.66 when detecting 13 differ-
ent topics, and it can accurately estimate the number of different
responses with a MSE of 3.4 estimated over 60 responses (that
is, 4 chatbots x 15 type of questions).

Our future work will be focused on extending the number
of high-level topics and then evaluate the performance of the
algorithm to detect sub-topics, reduce the number of examples
marked with the others topic, and test the performance when
using different pre-trained NLI models. Regarding the detec-
tion of inconsistent answers, we will work on controllable al-
gorithms and architectures (e.g., TransferTransfo [16] or CTRL
[18]) where the usage of persona profiles could help to produce
more consistent responses. Besides, we want to explore mech-
anisms to include these inconsistencies in the automatic evalu-
ation of dialogue systems [19, 20] as recommended in [21].
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