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Abstract
Intent detection is a critical task in building spoken lan-

guage understanding (SLU) systems. We propose a novel semi-
supervised Dual Real Input Generative Adversarial Network
(DRI-GAN) with triplet loss to enhance the performance of this
task. This method effectively leverages both labeled and un-
labeled data to achieve superior representation learning. We
extract and fuse text embeddings from three locally deployed
pre-trained Large Language Models (LLMs) and adapt these
embeddings for training the DRI-GAN with triplet loss. Our
experiments demonstrate three key findings: (i) In noisy SLU
environments, the proposed method outperforms the state-of-
the-art by +1.44%. (ii) In zero-shot cross-lingual scenarios, our
approach yields substantial accuracy improvements, achieving
an absolute gain of 4.19% on MultiATIS++ dataset and 14.60%
on MASSIVE dataset. (iii) it achieves higher accuracy without
fine-tuning, significantly reducing computational load.
Index Terms: speech recognition, human-computer interac-
tion, natural language understanding, large language models

1. Introduction
Understanding a conversation is crucial for meeting a user’s
goal in a spoken dialogue system, where intent detection plays
a pivotal role in Spoken language understanding (SLU) [1, 2, 3]
by accurately interpreting the user’s intentions and guiding the
interaction. Existing SLU systems have achieved notable suc-
cess in recent years [4, 5]. However, most current SLU models
rely heavily on large amounts of labeled training data, limiting
their scalability to low-resource languages or domains with lim-
ited data [5]. Acquiring large-scale dataset is a time consuming
and costly process. To address this, zero-shot cross-lingual SLU
has gained significant attention [6, 7, 8], as it enables models to
generalize across languages with minimal human annotation.
Multilingual pre-trained models, such as Multilingual BERT
(mBERT) [9], have demonstrated strong performance in zero-
shot cross-lingual SLU by leveraging large multilingual cor-
pora. Despite these advancements, SLU still faces two major
challenges: the lack of sufficient labeled data for rare or low-
resource languages and the presence of ASR errors in spoken
language transcriptions, which degrade model performance.

Low-resource languages suffer from a scarcity of annotated
training data, making it difficult to construct accurate SLU mod-
els [10]. Several studies have explored zero-shot cross-lingual
SLU [11, 12, 4, 5], but the absence of sufficient supervision
limits their effectiveness. While pre-trained LLMs have signif-
icantly improved performance in such scenarios, they remain
vulnerable to ASR-generated text, which often contains ASR
errors. ASR noise introduces challenges such as error propa-
gation, where incorrect transcriptions negatively impact intent

detection [13]. Moreover, models trained on clean text struggle
to maintain performance in noisy settings, as they lack robust-
ness to ASR variations.

Numerous studies have been conducted in the past to bridge
the gap between reference transcriptions and ASR hypothe-
ses. One approach involves correcting the ASR hypothesis us-
ing machine translation techniques [14, 15], while another fo-
cuses on adapting the model through masked language model-
ing [16, 17]. In addition to these methods, the Kullback-Leibler
(KL) divergence was applied in [13] to align the predictive dis-
tributions of both reference transcriptions and ASR hypotheses,
making them more similar. More recently, a technique lever-
aging contrastive learning was introduced in [18] to align the
implicit features of paired reference transcription and noisy hy-
pothesis from an ASR.

In this work, we propose a novel training method designed
to address both low-resource intent detection and ASR robust-
ness within a unified approach. Unlike existing methods that
tackle these challenges separately through distinct approaches,
our solution introduces a semi-supervised Dual Real Input-
GAN (DRI-GAN) training method with contrastive learning.
This unified strategy enhances performance across both scenar-
ios. Inspired by semi-supervised GANs [19], our method miti-
gates data scarcity by leveraging a small amount of labeled data
alongside large-scale unlabeled data, making it particularly ef-
fective in low-resource settings [20, 21]. The DRI-GAN train-
ing method employs adversarial training for two distinct pur-
poses: (i) capturing varying noisy acoustic conditions in noisy
SLU, and (ii) learning language-independent representations in
zero-shot cross-lingual SLU. In the noisy SLU task, the gener-
ator G produces embeddings that remain robust to ASR noise
while preserving essential semantic information by incorporat-
ing clean data in parallel. For cross-lingual SLU, our method
utilizes contrastive learning with triplet loss to align multilin-
gual representations of the same utterance while distinguishing
them from negative pairs. This explicit feature alignment across
noisy and cross-lingual scenarios enhances both robustness and
generalizability in real-world SLU applications.

To further improve efficiency and representation quality,
we integrate LLMEmbed, a novel embedding extraction ap-
proach inspired by [22]. This method fuses text embeddings
extracted at multiple depths from three locally deployed pre-
trained language models (PLMs): BERT [9], RoBERTa [23],
and LLaMA-2 [24] for noisy SLU task and m-BERT [9], XLM-
RoBERTa [25], and BGE-Multilingual-Gemma2 [26] for zero-
shot cross-lingual task. The embeddings extracted from these
models are fused to create a richer representation, which is
then used in training. This fusion not only improves feature
quality but also significantly reduces computational overhead
compared to end-to-end fine-tuning of large language models,
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making our method more scalable and resource-efficient. To
demonstrate the effectiveness of the proposed DRI-GAN train-
ing framework with triplet loss, we experiment with the SLU
benchmark datasets: SLURP [27], MultiATIS++ [28], and Mas-
sive [6]. Rest of the paper is organized as follows: section 2
describes the proposed methodology, and section 3 covers the
experimental evaluation. Finally, we conclude this work.

2. Proposed Methodology
Figure 1 illustrates the training pipeline of the proposed DRI-
GAN with triplet loss. The training process consists of three
main steps. First, we extract and fuse embeddings from multi-
ple pre-trained LLMs for the reference transcriptions. Second,
we perform the same embedding extraction and fusion process
for the ASR hypotheses. Finally, the fused embeddings of both
the reference transcriptions and ASR hypotheses are fed into
the DRI-GAN training method, where triplet loss is applied.
This loss function encourages embeddings from the same au-
dio signal (reference transcription and ASR hypothesis) to be
more similar while pushing apart embeddings generated from
generator. By enforcing this alignment, the model learns error-
robust representations, making it more resilient to ASR noise.
In zero-shot cross-lingual experiments, the same process is ap-
plied, where reference transcriptions and ASR hypotheses are
replaced by language pairs. For clarity, the following explana-
tion focuses solely on noisy SLU scenarios to avoid confusion.
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Figure 1: Proposed DRI-GAN method with triplet loss

To extract and fuse the embeddings, we employ LLMEm-
bed [22], a method that integrates embeddings from multiple
pre-trained LLMs at various depths within their networks to
boost their robustness and discriminative power. Additionally,
since these embeddings are extracted from locally deployed
LLMs, our method ensures user data privacy [29] while signif-
icantly reducing computational costs [30] making the training
process more efficient and scalable.

2.1. Triplet loss for DRI-GAN

Triplet loss, first introduced in [31] and later applied in GAN-
based frameworks [32] in 2017, aims to map data points of the
same class to be closer in the embedding space while push-
ing apart data of different classes. A triplet embedding con-
sists of an anchor (xa), a positive (xp), and a negative (xn)

sample. The anchor sample (xa) represents any class, while
the positive sample (xp) is from the same class as the anchor,
and the negative sample (xn) comes from a different class. In
this work, we incorporate triplet loss into our DRI-GAN train-
ing in a novel way. As illustrated in Figure 1, we take nat-
urally paired positive samples by considering ASR hypothesis
as an anchor xa

i (= xnoisy
i ) = f(xa

i ) and reference transcrip-
tion as a positive xp

i (= xclean
i ) = f(xp

i ) samples. For neg-
ative sample, we consider the synthetically generated sample
xn
i (= Gθ(z)) = f(xn

i ) from the generator. This formulation
ensures that the triplet loss explicitly aligns feature representa-
tions f(x) of the same utterance, enhancing the model ability
to learn noise-robust embeddings. In our experiments, cosine
distance was used to compute pairwise distances. The loss term
lslutriplet used in training is defined as follows:

lslutriplet = [d cos(xa, xp) − d cos(xa, xn) + m]+ (1)

Here, dcos(x, y) denotes the cosine distance, computed as
dcos(x, y) = 1− ( x.y

∥x∥∥y∥ ) and lslutriplet term encouraged to pull
the ASR hypothesis close to the reference transcription, which
makes GANs more capable of handling variations in data.

2.2. Semi-supervised DRI-GAN training for improved SLU

The proposed DRI-GAN training method builds on SS-GAN
[20] by introducing two real inputs into the discriminator. Like
SS-GAN, DRI-GAN incorporates generated samples from the
generator (G) to the real dataset, and increasing the classifier
output dimension from N to N +1 to accommodate the “fake”
class. Here, pr and pG represent the real and generated data
distribution. Discriminator (D) takes both reference and ASR
hypothesis as positive and anchor inputs, using triplet loss to
explicitly align them while learning to distinguish real samples
from generated ones. This dual real input strategy helps to learn
better discriminative features and improves its performance in
noisy settings. The loss function of D with additional triplet
lslutriplet loss can be defined as:

LD = λ ∗ lslutriplet + (1− λ) ∗ (LDsup. + LDunsup.) (2)

where:

LDsup. = α ∗ Lnoisy
Dsup.

+ (1− α) ∗ Lclean
Dsup.

(3)

In Eq. 3, Lnoisy
Dsup.

denotes the supervised loss on ASR hy-
pothesis, and Lclean

Dsup.
denotes the supervised loss on reference

transcriptions. By setting more value to α, we can give more
weightage to noisy SLU task. Reference transcript sample is
denoted by x and ASR hypothesis sample is represented as x̄.
The supervised loss of D can be calculated as:

Lnoisy
Dsup.

= −Ex̄,w∼pr log[pm(ŵ = w/x̄, w ∈ (1, .., N))] (4)

Lclean
Dsup.

= −Ex,w∼pr log[pm(ŵ = w/x,w ∈ (1, .., N))] (5)

By including both terms in the overall training objective, the
model can learn to generalize better in real-world conditions
where noisy inputs are common.
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The unsupervised loss LDunsup. for the discriminator is de-
fined as follows:

LDunsup. = −Ex̄∼pr log[1− pm(ŵ = w/x̄, w ∈ N + 1)]

− Ex̄∼Glog[pm(ŵ = w/x̄, w = N + 1)] (6)

The loss of Generator (G) in DRI-GAN can be calculated as:

LG = LGffrm + LGunsup. (7)

Here, LGffrm is the fused feature representation matching
loss, and LGunsup. is the unsupervised loss component. The
LGffrm loss can be defined as:

LGffrm = β ∗ Lnoisy
Gffrm

+ (1− β) ∗ LClean
Gffrm

(8)

LGffrm encourages the generator to create samples that are sta-
tistically similar to real data in the discriminator’s feature space.
By setting the value of β, we can adjust the weight to the noisy
and clean data. In this paper, we give more weightage to the
noisy feature matching as this is the primary task and feature
matching on clean transcription helps in the overall training.
All hyperparameter settings used in this study are detailed in
the Results section.

2.3. Fusing LLM Embeddings with Co-occurrence Pooling

The fusion of LLM embeddings follows the method de-
scribed in [22]. The term E(lm,dlm) refers to the
embedding extracted from the language model lm ∈
BERT [9], RoBERTa[23], LLaMa2[24] , with dlm repre-
senting the depth of the network. For LLaMa2, embeddings
are taken from five layers dlm ∈ {1..5}, whereas for BERT and
RoBERTa, only the last layer (dlm = 1) is used. The embed-
ding fusion is performed as follows:

Ψi = Cat(PN(Cat(EET [1 : 7]), τ), Avg(E(llama2,dlm)))
(9)

E = Cat({Ê(llama2,dlm)}, {E(bert,1)}, {E(roberta,1)}) (10)

PN represents a power normalization function applied to bal-
ance the power distribution of co-occurrence, where τ is a hy-
perparameter that adjusts the slope of the PN(.) function.

PN(E; τ) = tanh(2τE) (11)

3. Results
3.1. Datasets and Implementation Details

We evaluate the proposed DRI-GAN method for intent detec-
tion task on three datasets, SLURP, MASSIVE, and Multi-
ATIS++. SLURP [27] is a complex SLU dataset that encom-
passes a wide range of domains, speakers, and recording en-
vironments. The intent classes in SLURP are structured as a
pair of (scenario, action), comprising 60 unique combinations
derived from 18 scenarios and 46 actions. For cross-lingual
evaluation, we employ two benchmark SLU datasets: MAS-
SIVE [6] and MultiATIS++ [28]. MASSIVE is a multilingual
text version of SLURP dataset covering 51 languages from 14
language families and in 21 distinct scripts. MultiATIS++ is a
multilingual version of the ATIS dataset, supporting nine lan-
guages: English (en), Spanish (es), French (fr), German (de),

Table 1: Dataset statistics. † denotes the different splits of Mul-
tiATIS++ for hi, tr language.

Dataset #intent Avg. Length Train Eval Test
SLURP 60 6.93 50,628 8690 10,992
MultiATIS++ 18 – 4488† 490† 893†

MASSIVE 60 – 11,514 2033 2974

Hindi (hi), Japanese (ja), Portuguese (pt), Turkish (tr), and Chi-
nese (zh). For Hindi and Turkish, the splits for train, dev., and
test are 1,440/160/893 and 578/60/715, respectively.

The proposed DRI-GAN method is implemented in Py-
Torch by extending the original GAN-BERT1 [20].For the
noisy SLU task, we employed BERT [9], RoBERTa [23], and
LLaMa2-7B [24], combining their embeddings into a fused rep-
resentation of size 4145 using LLMEmbed as described in Sec-
tion 2.3. In the cross-lingual setting, we utilized m-BERT [9],
XLM-RoBERTa [25], and BGE-Multilingual-Gemma2 [26] to
create fused embeddings of size 3633. The architectural compo-
nents of the generator G and discriminator D remain identical
to those described in GAN-BERT [20]. Both G and D are im-
plemented as Multi-layer Perceptrons (MLPs) with two hidden
layers, activated using leaky ReLU with a dropout rate of 0.2 af-
ter each hidden layer. The generator receives a noise vector of
size 400, sampled from a normal distribution N (0, 1), which is
passed through the MLP to produce a 4145-dimensional vector,
aligning with the dimension of the fused embeddings. These
vectors represent the generated (fake) samples. We used hyper-
parameter values of α = 0.7, β = 0.7, λ = 0.5, and τ = 0.5.
All experiments were conducted using NVIDIA A100 80GB
GPUs, with a batch size of 1024. To make results more robust,
every experiment is conducted five times with different shuffle
and the averaged value is used as final result for comparison.

3.2. Experiments with Noisy-SLU

Table 2: SLURP English Dataset Evaluation on noisy scenario.

Model Noisy0.25 Noisy0.60 Clean
GAN-BERT[20] 82.5 67.10 95.38
Joint-BERT [10] 84.13 70.20 97.12
SpokenCSE [18] 85.26 70.31 95.82
LLMEmbed[22] 80.48 66.83 94.93
DRI-GAN-LLMEmbed 84.88 71.09 96.50
DRI-GAN-LLMEmbed
+ Triplet Loss 85.71 71.75 96.99

In this section, we evaluate the performance of our pro-
posed method on the noisy SLU task using the SLURP dataset.
Table 2 presents a comparative analysis between our model and
previous approaches. We employ ASR hypotheses generated by
the Google Web API and Wav2Vec 2.0 [33], available through
the SpokenCSE2 [18]. The median Word Error Rate (WER) is
25% for the Google Web API and 60% for Wav2Vec 2.0. We
refer to the ASR hypotheses generated by the ASR engines as
Noisywer and the reference transcripts as Clean. Typically, lan-
guage models trained exclusively on clean transcripts are sen-
sitive to noisy ASR hypotheses, and training with noisy ASR
hypotheses often degrades performance on clean data. How-
ever, our model achieves strong performance in both clean and

1https://github.com/crux82/ganbert
2https://github.com/MiuLab/SpokenCSE
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noisy scenarios, demonstrating its robustness in handling ASR
errors without compromising accuracy on clean transcripts. Un-
like prior methods that depend on a pre-training and fine-tuning
with contrastive learning to boost performance, our approach
operates on extracted and fused embeddings without necessitat-
ing fine-tuning. This strategy not only reduces computational
overhead but also delivers superior results.

3.3. Zero-shot Cross-lingual Experiments

This section covers the experiments in zero-shot cross-lingual
settings using MASSIVE, and MultiATIS++ dataset. In the pro-
posed DRI-GAN method, we treat one language as an anchor,
the other as positive, and synthetic data as a negative sample for
triplet pairing. For cross-lingual transfer learning, we used the
weighted objective function as described in Section 2.2. By this,
we are essentially telling the generator to prioritize learning and
generating embeddings that are closer to higher-weighted lan-
guage. Even though one language is prioritized, the combined
embedding will capture shared intent representations that make
sense across related languages. This balance helps in making
the model robust for zero-shot performance on other languages.
On the other side, the discriminator learns to differentiate be-
tween real embeddings and synthetic embeddings generated by
the generator. The discriminator will adapt to the blend of fea-
tures, reinforcing those that are common across both languages.
In this way, generator and discriminator interact to create robust
feature representations that are not tightly coupled to a specific
language, enabling better cross-lingual generalization.

Triplet loss enforces that embeddings of similar intents are
closer in the vector space, which further strengthens the multi-
lingual aspect, especially when generalizing to other languages
in zero-shot scenario.

Table 3: Experiment results on MultiATIS++ dataset. Results
with ‡ are taken from the corresponding paper.

Intent Accuracy pt zh ja hi tr AVG
CoSDA‡[11] 93.05 78.95 73.25 82.75 80.42 81.68
GL-CLEF‡[12] 96.08 87.68 82.84 86.00 83.92 87.30
LAJ-MCL‡[4] 97.09 89.03 81.86 84.54 85.45 87.59
FC-MTLF‡[5] 97.34 89.53 82.95 86.72 86.02 88.51

Proposed GAN 97.45 93.95 91.93 91.37 88.81 92.70

In Table 3, we present the results of the zero-shot cross-
lingual SLU experiment conducted on the MultiATIS++ dataset
[28]. For cross-lingual transfer learning, positive pair of two
languages is used as pair of (anchor, positive) samples. We ex-
tracted the fused embeddings of dimension 3633 as described
in Section 2.3, and 3.1. The proposed model was trained on the
English-German (en-de) language pair and evaluated on Por-
tuguese (pt), Chinese (zh), Japanese (ja), Hindi (hi), and Turkish
(tr) in a zero-shot setting. Our model demonstrates an absolute
average improvement of 4.19% over the current state-of-the-art
FC-MTLF model [5] across the five target languages.

Figure 2 illustrates the zero-shot performance of our model
on the MASSIVE dataset across six Indian languages: Hindi
(hi), Telugu (te), Tamil (ta), Bengali (bn), Kannada (kn), and
Malayalam (ml). Notably, our approach achieved a maximum
absolute improvement of 18.75% in Kannada and a minimum
absolute improvement of 8.99% in Hindi compared to the re-
sults reported in the MASSIVE paper [6]. Our training method
effectively develops robust multilingual intent detection mod-
els that generalize to unseen but linguistically or semantically
similar languages.

Figure 2: Zero-shot cross-lingual results on MASSIVE Dataset.

In Table 4, we present a detailed evaluation of the proposed
method across various Indian languages, assessing both mono-
lingual and cross-lingual performance. For cross-lingual exper-
iments, we selected Hindi as the source language paired with
other target languages. However, in certain instances, such as
with the Tamil language, the results did not show improvement
over the monolingual method. This suggests that pairing Hindi
and Tamil may not be ideal due to their linguistic dissimilari-
ties. In Table 3, the performance differences are subtle, as we
are comparing results using the same method, where only slight
improvements are expected.

Table 4: Experiment results on MASSIVE dataset
(Indian languages).

Source/ Target
Language hi te ta bn kn ml

M
on

o-
lin

gu
al

hi 87.29 79.29 78.65 81.47 76.06 79.35
te 82.08 84.63 77.98 79.96 79.19 80.20
ta 83.38 80.63 84.90 79.58 78.28 80.53
bn 83.79 79.66 78.21 84.26 78.27 78.35
kn 83.52 81.67 79.86 80.26 84.23 79.42
ml 81.47 79.89 78.35 77.94 77.94 85.57

C
ro

ss
-

lin
gu

al

hi-te 87.42 85.33 80.50 82.62 81.47 82.01
hi-ta 87.73 82.45 84.70 81.94 80.63 82.25
hi-bn 87.72 81.81 80.56 85.27 80.33 80.67
hi-kn 87.66 83.27 82.08 82.58 84.87 81.10
hi-ml 88.00 82.92 81.64 81.98 79.76 85.85

C
ro

ss
-li

ng
.+

tr
ip

le
tl

os
s hi-te 88.03 85.54 81.54 83.09 82.25 82.65

hi-ta 87.96 83.32 85.03 83.49 81.57 82.62
hi-bn 87.86 82.68 81.41 85.31 80.60 81.61
hi-kn 87.70 83.56 82.55 83.49 85.10 82.31
hi-ml 87.90 83.15 81.94 82.65 80.96 85.98

4. Conclusion
We propose a semi-supervised DRI-GAN method enhanced
with triplet loss. Our primary contribution lies in integration
of triplet loss within the DRI-GAN architecture, facilitating
improved alignment between linguistic and acoustic represen-
tations. Our method outperforms state-of-the-art approaches,
achieving a maximum improvement of 18.75% on the MAS-
SIVE dataset and 8.98% on the MultiATIS++ dataset in zero-
shot cross-lingual scenarios.
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