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Abstract

Intent recognition is a fundamental component
in task-oriented dialogue systems (TODS). De-
termining user intents and detecting whether
an intent is Out-of-Scope (OOS) is crucial for
TODS to provide reliable responses. However,
traditional TODS require large amount of an-
notated data. In this work we propose a hybrid
approach to combine BERT and LLMs in zero
and few-shot settings to recognize intents and
detect OOS utterances. Our approach leverages
LLMs generalization power and BERT’s com-
putational efficiency in such scenarios. We eval-
uate our method on multi-party conversation
corpora and observe that sharing information
from BERT outputs to LLMs leads to system
performance improvement.

1 Introduction

Advances in dialogue systems have facilitated their
employment to assist users on daily tasks in do-
mains such as banking, health consulting, hospital-
ity and others (Valizadeh and Parde, 2022; Camil-
leri and Troise, 2023; Casanueva et al., 2020). Task-
oriented dialogue systems (TODS) in real-world
applications must be able to both recognize user
intents and detect Out-of-Scope (OOS) intents to
generate reliable responses. Standard methods for
intent recognition generally require large amounts
of annotated data. However, annotations are scarce
in some real-world applications, especially when
new intents are introduced into systems. Large
Language Models have been shown to be robust at
classification tasks in zero and few-shot settings.
Nevertheless, inferences from LLMs are compu-
tationally costly, thus their extensive use remains
unpractical in some scenarios. Previous work have
proposed hybrid approaches combining LLMs and
smaller language models, by only routing uncer-
tain inferences to LLMs at inference time (Arora
et al., 2024). These approaches consist in process-
ing queries in two steps: first through the compu-
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Figure 1: Overview of our Label Space Reduction
method.

tationally efficient model, and then through LLMs,
if necessary. In doing so, overall computational
costs are reduced without compromising prediction
quality. However, these methods do not share in-
formation among models, and hence LLMs miss
potential relevant information from the preceding
step.

In this work we propose a hybrid approach that
combines small language models and LLMs for in-
tent recognition and OOS detection in multi-party
conversations, i.e. dialogues between three or more
participants. We route inferences with high uncer-
tainty from fine-tuned BERT models to LLMs, and
use the information from the outputs of the fine-
tuned models to dynamically generate the prompts
at inference time. Such information is employed to
reduce the label space on the classification task. Ex-
periments in this study are conducted on three open
source LLMs. Our work leverages the efficiency of
(relatively) small models and the power of LLMs
in zero-shot settings for intent classification and
OOS detection. Figure 1 illustrates our proposed
method.

2 Related Work

In recent years, intent detection methods have
mainly consisted in fine-tuning small models (Lar-
son et al., 2019; Arora et al., 2020; Wang et al.,
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2023). Gautam et al. (2024) studied the use of
class names to improve in-scope (IS) intent classifi-
cation and OOS detection, using BERT and Spher-
ical Variational Autoencoders (Davidson et al.,
2018). Vishwanathan et al. (2022) observed that
fine-tuning sentence transformers presents largely
better IS and OOS performance than traditional
methods.

LLMs have gained attention in multiple NLP
tasks, including intent recognition in dialogue sys-
tems (Lin et al., 2024; Wang et al., 2024; Shin et al.,
2024). Findings are contradictory, as some works
have found that LLMs outperform fine-tuned mod-
els (Addlesee et al., 2023) and others have shown
the opposite (Zhang et al., 2024b). To the best of
our knowledge, the only study on intent recognition
and OOS detection with a focus on efficiently us-
ing LLMs is proposed in (Arora et al., 2024). They
propose a hybrid method that uses sentence trans-
formers and LLMs, which reduced the performance
gap to 2% while reducing computing latency up to
50%. However, their approach does not consider
sharing information among models. Furthermore,
we focus our work in multi-party conversations as
such scenarios have been overlooked in previous
work across most dialogue system tasks (Ganesh
et al., 2023; Castillo-López et al., 2025).

3 Experimental Procedure

Let D = {(ui, yi) | yi ∈ YA} be a labeled dataset
where ui denotes the ith utterance labeled with
intent yi, and YA = {1, . . . ,m,m + 1} denotes
the set of m in-scope intents plus the out-of-scope
label. Our aim is to build a multiclass classifica-
tion system that detects whether ui corresponds to
an OOS intent from an unknown distribution or
whether ui can be classified into any of m possible
in-scope intents.

3.1 Datasets

We use two multi-party conversations corpora in
this work. The first corpus is MIntRec2.0, a multi-
modal dataset of 15K multi-party dialogues from
TV shows (Zhang et al., 2024a). Modalities include
audio, video and transcripts. In this study we are
interested in systems working with text input data,
thus we only use the text modality. The second
dataset is MPGT, which is a collection of 29 multi-
party dialogues between users and a receptionist
robot in a hospital (Addlesee et al., 2023). The
MIntRec2.0 and MPGT datasets contain 30 and 8

in-scope intents, respectively, and both count with
OOS utterances. Additional information about the
datasets is detailed in Appendix B.

3.2 Methods
We evaluate four different approaches for in-
tent recognition and OOS utterance detection:
fine-tuned BERT; LLMs zero-shot classifica-
tion; Uncertainty-based Query Routing combining
BERT and LLMs, following the strategy proposed
in (Arora et al., 2024); and our proposed Label
Space Reduction method (LSR) using BERT infer-
ence outputs and LLMs. We detail such methods
below.

3.2.1 Small Language Model Fine-tuning
Fine-tuning. We use the same pre-trained BERT
language model as in (Zhang et al., 2024a). Since
having large number of examples per intent is chal-
lenging in real-world scenarios, especially when
introducing new intents into systems, we conduct
experiments on ten-shot settings following a simi-
lar approach to (Zhang et al., 2024a). In addition,
we concatenate each utterance with its 3 preceding
utterances to enhance the model performance by in-
troducing context information. A special turn-shift
token <ts> is included between each pair of con-
catenated utterances to explicitly indicate change
of turns in dialogues. Thus, each input example
is a text sequence corresponding to an utterance
with its concatenated context. We fine-tune the un-
cased version of BERTBASE (Devlin et al., 2019)
for multiclass classification over the entire set of
m in-scope classes. Fine-tuning is performed over
5 different seeds to compute uncertainty scores
from multiple runs at inference time. We detail the
hyperparameter set we use on BERT-fine-tuning
experiments on Appendix A.1. At inference time,
the predicted class is obtained by a majority voting
strategy. Note that in this approach, the pre-trained
model is fine-tuned without the OOS label, thus a
OOS class detection strategy is needed.

Out-of-Scope Detection. In order to detect OOS
intents from our fine-tuned models, we quantify
model uncertainty from the 5 outputs by computing
the standard deviation of the softmax function ap-
plied on the logits in the last layer of the models (i.e.
the probability estimates). Analysis on the valida-
tion sets showed that standard deviations σ = 0.10
and σ = 0.12 on the fine-tuned model probabilities
provide good performance while maintaining a bal-
ance between OOS recall and IS macro F1-score,
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In-scope In-scope + Out-of-scope
Methods ACC WF1 WP ACC F1-OOS F1
ChatGPTzero

♠ 35.27 37.10 48.22 27.68 21.21 28.34
Mixtral 8×7Bzero 31.87 32.17 51.35 31.46 38.66 26.97
Llama-3 70Bzero 36.65 36.87 47.10 25.54 11.64 27.88
DeepSeek-R1 70Bzero 41.22 43.47 49.99 35.79 35.06 35.14
MAG-BERTten

♠ 9.82 11.58 13.34 34.58 50.57 3.75
ChatGPTten

♠ 34.53 36.39 49.27 29.72 27.85 28.41
BERTten 10.53 15.20 47.38 34.64 49.35 16.68
BERTten + Mixtral 8×7Bzero 33.34 34.26 47.83 29.60 31.95 28.65
BERTten + Llama-3 70Bzero 37.38 37.92 48.33 25.33 8.67 29.03
BERTten + DeepSeek-R1 70Bzero 41.42 43.51 49.58 33.41 28.46 35.05
BERTten + Mixtral 8×7Bzero (LSR) 35.02 35.76 47.03 28.61 25.98 29.96
BERTten + Llama-3 70Bzero (LSR) 39.45 40.00 49.88 26.32 7.36 31.21
BERTten + DeepSeek-R1 70Bzero (LSR) 41.66 44.82 52.65 33.96 29.48 36.55
Humansten

♠ 64.34 67.82 72.80 60.43 62.83 57.83

Table 1: Results on the MIntRec 2.0 Corpus. Learning strategies include fine-tuning in ten-shot as well as zero-shot
prompting. Results from (Zhang et al., 2024a) are denoted with ♠. Our results implement a label space reduction
approach (LSR) leveraging BERT probability outputs. IS evaluation metrics include accuracy (ACC), weighted
F1 (WF1) and weighted precision (WP). IS+OOS settings are evaluated on accuracy (ACC), macro F1 (F1), and
F1 score on the out-of-scope label (F1-OOS). Scores in bold highlight the best performing model per setting, and
scores in blue highlight the best performances overall.

In-scope In-scope + Out-of-scope
Methods ACC WF1 WP ACC F1-OOS F1
Mixtral 8×7Bzero 65.41 67.38 83.64 56.25 17.65 51.02
Llama-3 70Bzero 87.22 86.55 86.43 73.12 6.25 55.18
DeepSeek-R1 70Bzero 89.47 91.17 93.65 78.75 35.90 75.17
BERTten 50.38 58.92 96.89 56.25 40.70 64.65
BERTten + Mixtral 8×7Bzero 72.93 74.65 88.28 61.88 13.33 63.53
BERTten + Llama-3 70Bzero 90.23 90.23 90.98 75.00 0.0 62.98
BERTten + DeepSeek-R1 70Bzero 90.98 92.30 94.30 79.38 33.33 73.15
BERTten + Mixtral 8×7Bzero (LSR) 72.18 80.49 95.28 69.38 40.54 68.57
BERTten + Llama-3 70Bzero (LSR) 89.47 90.73 92.43 75.62 12.12 67.21
BERTten + DeepSeek-R1 70Bzero (LSR) 91.73 92.70 93.97 81.88 45.00 73.08

Table 2: Results on the MPGT Corpus. Learning strategies include fine-tuning in ten-shot as well as zero-shot
prompting. Our results implement a label space reduction approach (LSR) leveraging BERT probability outputs. IS
evaluation metrics include accuracy (ACC), weighted F1 (WF1) and weighted precision (WP). IS+OOS settings are
evaluated on accuracy (ACC), macro F1 (F1), and F1 score on the out-of-scope label (F1-OOS). Scores in bold
highlight the best performing model per setting, and scores in blue highlight the best performances overall.

on the MIntRec2.0 and MPGT datasets, respec-
tively.

3.2.2 Large Language Models

Large Language Models have been shown to excel
at various classification tasks in zero-shot settings.
We use three mid-sized instruct-tuned versions of
open source LLMs: Mixtral8×7B, LLaMA-3 70B,
and DeepSeek-R1 70B (distilled). More details
about the used LLMs can be found in Appendix
A.2. Our experiments on all LLMs are conducted
on zero-shot prompting and use the same prompt
template. The prompts we use describe the classifi-
cation task; list the possible intents; define an OOS
label; provide context from preceding utterances;
define the expected output format; and include the
utterance to classify. The prompt template is shown

in Figure 3. We investigate how LLMs alone per-
form in our classification task, as well as in combi-
nation with BERT, as described in further sections.
In contrast to the OOS detection strategy used on
our fine-tuned models, we do not need to add an
additional step at inference time as our prompts
already instructs either recognizing intents or de-
tecting OOS samples. In other words, the OOS
detections are directly obtained from the LLMs.

3.2.3 Uncertainty-based Query Routing

Following the uncertainty-based query routing
strategy proposed in (Arora et al., 2024), we com-
bine BERT and LLMs by dispatching uncertain
inferences made by BERT to LLMs. By doing so,
only examples with high uncertainty are handled
by LLMs, and costs due to the use of LLMs are
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reduced. We use the output probabilities by the 5
fine-tuned models and compute their standard devi-
ation to quantify the uncertainty of the prediction,
as explained in 3.2.1. Prompts used in these experi-
ments are the same as in the only-LLMs approach,
where models are instructed to classify utterances
into any of the IS intents or determine whether the
utterance is OOS.

3.2.4 Label Space Reduction
We propose leveraging the outputs from the fine-
tuned language models, and using such information
to dynamically create prompts for LLM inference
on routed queries. Our method extends the strategy
described in Section 3.2.3. Instead of including
all labels on the LLM prompts, we consider the
intents with the highest probabilities (i.e. estimates
from the softmax function on the final layer logits)
outputted by the fine-tuned models. The intent set
selection is conducted as follows. For every routed
utterance ui, we retrieve subset Ki of top-ranked
intents whose cumulative sum of probabilities is at
least P . The subset Ki is the smallest subset of in-
tents defined as Ki = {y1, y2, . . . , yk} ⊆ YS such
that

∑k
j=1 pi(yj) ≥ P , where YS is the full set of

in-scope intents, pi(yj) is the softmax probability
of label j for inference on ui, and P is a hyper-
parameter that controls the label space reduction
(LSR). Lower values of P result in higher space re-
duction. Therefore, the amount of intents included
on the routed LLM inferences vary among exam-
ples. We found on the validation sets that P = 0.85
achieves average hit rates slightly above 90% on
the intent subsets on both datasets, while reducing
the label spaces on average by ≈80% and ≈50% on
the MIntRec2.0 and MPGT corpora, respectively.
This suggests that our approach retrieves pertinent
labels after label filtering.

3.3 Evaluation

Method evaluations are performed in IS and
IS+OOS scenarios. In-scope evaluation does not
consider test examples belonging to the OOS label,
whereas IS+OOS considers all labels including the
OOS label. We follow previous work (Zhou et al.,
2024; Zhang et al., 2024a; Chen et al., 2024) and
adopt three metrics for IS evaluation: Accuracy
(ACC), Weighted F1 (WF1), and Weighted Preci-
sion (WP). Similarly, we use three commonly used
metrics for IS+OOS evaluation: Accuracy (ACC)
and F1-score (F1) over all classes, as well as F1-
score over the OOS label (F1-OSS).

4 Results

Table 1 shows the results of our experiments on
the MIntRec2.0 corpus. We observe that the best
overall results in all in-scope performance metrics
are obtained by our method on DeepSeek-R1. Re-
ducing the label space results in an increase of
≈3% on the weighted precision. We also observe
that when comparing the same BERT+LLM com-
binations, with and without label space reduction,
better in-scope performance is obtained when re-
ducing the label space in most metrics. BERT and
MAG-BERT present the best overall performance
on OOS evaluation. Nevertheless, their generaliza-
tion on in-scope intents are the lowest compared to
the other approaches. Additionally, as our method
routes utterances with high uncertainty –i.e. poten-
tial OOS intents– to LLMs, it is expected to see
a decrease on the F1-OSS score (in particular, a
decrease on the OOS recall). It is also noteworthy
that the classification task is complex even for hu-
mans, according to the results reported by Zhang
et al. (2024a). We believe that such complexity
might be due to a high number of intents and the
presence of overlapping intents on annotations. An
example of a difficult instance to classify by LLMs
is displayed in Figure 2. We observe that similar
to the example shown in Figure 2, multiple other
instances from the MIntRec2.0 corpus semantically
overlap with more than one intent.

S1: Sure.

S1: I'm sorry. I don't know who--

S2: Sandra's boyfriend.

S2: Well, my boyfriend that she stole from me.

Reference label: Criticize

Predictions:

Mixtral: Complain Llama-3: Complain DeepSeek-R1: Complain

Figure 2: Example of an instance difficult to classify by
LLMs from the MIntRec2.0 corpus.

Results on the MPGT corpus are found in Ta-
ble 2, which show that DeepSeek-R1 with label
space reduction obtains the best overall results in
all metrics, except on in-scope WP and IS+OOS
F1. In contrast to the results we observed on the
MIntRec2.0 corpus, our method outperforms the
fine-tuned BERT model alone on the F1-OOS score
by ≈5%. In fact, all LLMs show to enhance their
OOS detection when reducing the label space. We
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argue that LLMs struggle to detect OOS intents
(more than smaller language models) when there
is a higher number of IS intents, as suggested in
(Wang et al., 2024). In line with the results on Table
1, Llama-3 is the worst OOS detector in all settings.
An increase between 8% and 12% on the IS+OOS
accuracy is observed when reducing the label space
on Mixtral and DeepSeek-R1. We also conduct ad-
ditional analysis on the impact of the label space
reduction hyperparameter P on the MPGT corpus
in Appendix C.

5 Computational Efficiency Analysis

Table 3 shows a computational efficiency compari-
son between the use of BERT, LLMs, and the pro-
posed label space reduction approach on the MPGT
corpus. Note that our analysis considers all the 5
runs on the BERT inferences, which are performed
to estimate inference uncertainty. We observe that
our proposed method reduces the computational
costs in more than 40% when combining BERT
with Llama-3 70B and Mixtral 8×7B. To perform
fair comparisons among methods and models, we
employ the same computational resources on all
inferences in this analysis.

Avg. Latency
Methods latency ratio
Mixtral 8×7Bzero 1.925
BERTten 0.065 0.034
BERTten + Mixtral 8×7Bzero (LSR) 1.100 0.571
Llama-3 70Bzero 4.039
BERTten 0.065 0.016
BERTten + Llama-3 70Bzero (LSR) 2.236 0.553

Table 3: Method efficiency comparison on the MPGT
corpus. Comparison is based on average latency per
inference (seconds) and the latency ratio with respect
to the zero-shot LLM inference method (without label
space reduction).

6 Conclusions

We investigated how (relatively) small language
models such as BERT can be combined with LLMs
in zero-shot scenarios to reduce computational
costs on intent recognition tasks without compro-
mising predictive quality. Our results on MPCs are
in line with previous works in dyadic dialogues,
suggesting that uncertainty-based routing lead to
performance gains. Our work also demonstrates
that sharing information among models such as
probability estimates to reduce the label space out-

performs methods without shared information. Fu-
ture work may consider exploring other plausi-
ble label selection strategies. Additionally, other
sources of information to be leveraged in LLM
prompts from small models (i.e. BERT) may be
investigated in future studies: the actual probabil-
ity estimates, uncertainty patterns, model’s inter-
nal representations, etc. Finally, although our ex-
periments are conducted on multi-party corpora,
our proposed method could also be applied on
dyadic scenarios. We believe that our findings show
promising directions towards robust and efficient
intent recognition systems in real-world applica-
tions.

Ethical Considerations

In developing our hybrid approach for intent detec-
tion using BERT and LLMs, we considered several
ethical implications to ensure responsible practices.
Despite the use LLMs, which are capable of gener-
ating potential unsafe content, they are solely em-
ployed as text classifiers into sets of defined classes.
Therefore, the risk of misuse or producing harm-
ful content available for end users is minimized.
However, it is important for any implementation
of the proposed methods to be aware of potential
biases inherent in those models. In addition, all our
experiments use publicly available corpora, which
have been curated prior to our work to prevent mali-
cious actions. Overall, the contributions presented
in this study are designed for constructive and eth-
ical use, with no direct association with harmful
social consequences.
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Daniel Hernández Garcia, Christian Dondrup, and
Oliver Lemon. 2023. Multi-party goal tracking
with llms: Comparing pre-training, fine-tuning, and
prompt engineering. In Proceedings of the 24th An-
nual Meeting of the Special Interest Group on Dis-
course and Dialogue.



509

Gaurav Arora, Chirag Jain, Manas Chaturvedi, and Kru-
pal Modi. 2020. HINT3: Raising the bar for intent
detection in the wild. In Proceedings of the First
Workshop on Insights from Negative Results in NLP,
pages 100–105, Online. Association for Computa-
tional Linguistics.

Gaurav Arora, Shreya Jain, and Srujana Merugu. 2024.
Intent detection in the age of LLMs. In Proceed-
ings of the 2024 Conference on Empirical Methods
in Natural Language Processing: Industry Track,
pages 1559–1570, Miami, Florida, US. Association
for Computational Linguistics.

Mark Anthony Camilleri and Ciro Troise. 2023. Chat-
bot recommender systems in tourism: A systematic
review and a benefit-cost analysis. In Proceedings
of the 2023 8th international conference on machine
learning technologies, pages 151–156.

Iñigo Casanueva, Tadas Temčinas, Daniela Gerz,
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A Model Information

In this appendix we provide model implementation
details of our experiments.

A.1 BERT Implementation Details
All BERT fine-tuning runs were conducted on
a single NVIDIA A100 GPU of 40GB. The av-
erage execution time for all fine-tuning exper-
iments was less than 30 minutes to complete.
We used the BertForSequenceClassification
class from Hugging Face’s Transformers library
(Wolf et al., 2020) for sequence classification tasks.
BERTBASE uncased is used in all the experiments.
Table 4 shows the hyperparameter configuration
we employ.

hyperparameter value
eval_monitor macro F1-score
train_batch_size 16
eval_batch_size 16
test_batch_size 16
wait_patience 3
num_train_epochs 40
warmup_proportion 0.1
lr 1e-5

Table 4: Set of hyperparameters used on BERT fine-
tuning experiments.

A.2 Large Language Models

Our experiments on LLMs use mid-sized in-
struct versions of models. Specifically, we
use Mixtral-8x7B-Instruct-v0.1 (Jiang
et al., 2024), Meta-Llama-3-70B-Instruct
(Grattafiori et al., 2024), and
DeepSeek-R1-Distill-Llama-70B (DeepSeek-
AI, 2025).

A.3 Prompt Template

Figure 3 shows the prompt template we use on all
LLM experiments.

B Corpora Details

B.1 MPGT Annotations

In this work, we assume that every utterance cor-
responds to a single intent, either in-scope or out-
of-scope. Thus, the intent recognition task can
be defined as a multi-class classification problem.
However, the MPGT corpus is built under the as-
sumption that an utterance might belong to none,
one, or many intents, i.e. multi-label classification.
Hence, we adapted the corpus for multi-class in-
tent classification through manual data curation and
multiple strategies. These strategies consisted in
combining co-occurring intents, grouping original
labels and co-occurring combinations, and assign-
ing the OOS label to rare/irrelevant intents. Figure
4 shows the final label distribution after our adapta-
tion. Our adapted multi-class version of the MPGT
corpus for intent recognition is made available on-
line1.

B.2 Dataset Statistics

Table 5 shows statistics of the datasets we use in
this work.

1https://github.com/gaalocastillo/mpgt_multiclass

https://aclanthology.org/2024.lrec-main.210/
https://aclanthology.org/2024.lrec-main.210/
https://aclanthology.org/2024.lrec-main.210/
https://doi.org/10.18653/v1/2024.emnlp-industry.68
https://doi.org/10.18653/v1/2024.emnlp-industry.68
https://doi.org/10.18653/v1/2024.emnlp-industry.68
https://doi.org/10.1609/aaai.v38i15.29656
https://doi.org/10.1609/aaai.v38i15.29656
https://doi.org/10.1609/aaai.v38i15.29656


511

** Task d e s c r i p t i o n **
You a r e an out −of −domain i n t e n t d e t e c t o r , and your t a s k i s t o d e t e c t whe the r t h e

i n t e n t o f t h e l a s t u t t e r a n c e b e l o n g s t o t h e i n t e n t s s u p p o r t e d by t h e system ,
from d i a l o g u e s o f m u l t i p l e p a r t i c i p a n t s . I f t h e y do , r e t u r n t h e c o r r e s p o n d i n g
i n t e n t l a b e l , o t h e r w i s e r e t u r n UNK.

** A u t h o r i z e d c a t e g o r i e s **
The s u p p o r t e d i n t e n t s a r e :
i n t e n t _ 1 , i n t e n t _ 2 , i n t e n t _ 3 , . . . i n t e n t _ N

** Out −of −domain l a b e l **
− UNK

** P r e v i o u s u t t e r a n c e s i n t h e d i a l o g u e **
You have t h e f o l l o w i n g u t t e r a n c e h i s t o r y from m u l t i p l e p a r t i c i p a n t s t o u n d e r s t a n d

t h e c o n t e x t o f t h e d i a l o g u e . Each u t t e r a n c e i s on a l i n e and s t a r t s by " −" :
− p r e v i o u s _ u t t e r a n c e _ 1
− p r e v i o u s _ u t t e r a n c e _ 2
− p r e v i o u s _ u t t e r a n c e _ 3

** Expec ted o u t p u t f o r m a t **
Your r e s p o n s e s h o u l d on ly be a JSON o b j e c t w i th t h e f o l l o w i n g s t r u c t u r e :
{" i n t e n t " : " i n t e n t _ l a b e l "}
Do n o t w r i t e a n y t h i n g e l s e .

** Task **
The u t t e r a n c e t o c l a s s i f y i s shown below :
u t t e r a n c e _ t o _ c l a s s i f y

R e s u l t :

Figure 3: Prompt template used on all LLM experiments. Highlighted text in blue varies among dataset examples.
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Figure 4: Distribution of the intents in the adapted multi-
class version of the MPGT corpus, including the OOS
label (UNK).

B.3 Subset Splits

Table 6 describes the subset splits we use for train-
ing, development and test. Note that our few-shot
fine-tuning on BERT does not use all the training
sets but only the selected few-shot utterances de-
tailed in Table 5 in Appendix B.2.

#dial. #utt. #utt. fs. #int. %OOS

MintRec2.0 1.2K 15K 211 30 38%

MPGT 29 768 80 8 22%

Table 5: Dataset statistics: number of dialogues (# dial.),
number of utterances (# utt.), number of utterances used
on few-shot fine-tuning (# utt. fs.), number of intent
categories (# int.), and proportion of OOS utterances
(%OOS).

MIntRec2.0 MPGT

train dev test train dev test

#dial. 871 125 249 20 4 5

#utt. 9.9K 1.8K 3.2K 517 91 160

Table 6: Number of dialogues (# dial.) and utterances
(# utt.) per subset split.

C Hyperparameter P

Our proposed method relies on the hyperparameter
P , which controls the label space reduction. Lower
values of P result in higher reduction, therefore
less intents included in the LLM prompts. The
main results of this paper, presented in Tables 1
and 2, consider P = 0.85. We developed addi-
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tional analysis on distinct values of P on the MPGT
corpus and the BERT+DeepSeek method. Figure 5
suggests that low label space reduction (P = 0.95
and P = 0.99) presents better OOS precision and
IS-OOS F1-score. Nevertheless, such improvement
occurs at cost of missing OOS examples, as a de-
crease on the OOS recall is observed.

IS-OSS F1 OSS Recall OOS Precision
Performance Metrics

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Sc
or

e

0.8
0.85
0.9
0.95
0.99

Figure 5: Performance metrics at distinct values of
the hyperparameter P of our proposed method on the
MPGT Corpus.
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