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Abstract

Spoken Language Understanding (SLU) is cru-
cial for enabling natural voice interactions with
modern devices. However, traditional super-
vised models fail to generalize to new domains
due to two key challenges: the prohibitive cost
of data annotation and the inherent difficulty
of transferring domain-specific intents. While
the rise of Large Language Models (LLMs)
offers a promising solution through zero-shot
inference, the zero-shot SLU capabilities of
emerging speech-enabled LLMs have remained
largely unexplored. To address this gap, this
paper provides the first comprehensive assess-
ment, focusing on intent classification (IC), the
first key sub-task of SLU, across 13 languages.
We systematically evaluate a range of archi-
tectures, including cascaded, end-to-end, and
hybrid systems for zero-shot SLU. Our analy-
sis identifies the hybrid approach as the most
effective architectural design for end-to-end
SLU, and assesses multilingual transfer capa-
bilities. The findings offer a detailed map of
the challenges and opportunities, highlighting
which models and settings are most promising
for zero-shot SLU.

1 Introduction

Spoken Language Understanding (SLU) is the task
of extracting semantic meaning and intent from spo-
ken language (Tur and De Mori, 2011). While auto-
matic speech recognition (ASR) and speech trans-
lation (ST) respectively focus on generating tex-
tual transcriptions and translations, SLU maps the
input utterance to a structured, machine-readable
representation highlighting intents (e.g., the over-
all goal of a request, like book_flight) and
slots (the critical details to fulfill the request, like
origin_city: Boston and destination_city:
San Francisco). SLU is a key element of human-
computer interaction, powering voice interactions
on everyday devices like smartphones and digital
assistants (Bellegarda, 2014; Marge et al., 2022).

Despite its widespread adoption, building robust
SLU systems is challenging due to the high cost of
collecting and labeling the data required for train-
ing dedicated models for specific domain and lan-
guage settings (Lee et al., 2025). The challenge
is exacerbated by the nature of existing datasets,
which are often narrowly focused on specific in-
tents and slots, preventing models from general-
izing effectively to new tasks (Peng et al., 2025;
Qin et al., 2021). By eliminating the need for
domain/language-specific training data, zero-shot
learning provides an alternative approach to ad-
dress these data limitations.

The recent success of Large Language Models
(LLMs), with their remarkable zero-shot capabil-
ities thanks to their broad pretraining on diverse
data, has opened a new frontier for this problem.
Building on this, prior works have established a
strong precedent by demonstrating impressive zero-
shot NLU performance (Qin et al., 2025; Mirza
et al., 2024; He and Garner, 2023). For instance,
the results exhibited by Mirza et al. (2024) on the
textual components of SLU benchmarks (FitzGer-
ald et al., 2023; Coucke et al., 2018; Budzianowski
et al., 2018) are particularly encouraging.

More recently, while some studies by Cho et al.
(2024); Li et al. (2024) claim zero-shot SLU capa-
bilities, their approaches fall short of a true zero-
shot definition. This is because their models were
pre-trained on either out-of-domain SLU datasets
or on the transcripts of in-domain SLU datasets.
Moreover, the zero-shot evaluation was conducted
on relatively limited sets of target intents. It also re-
mains an open question how effectively these zero-
shot capabilities would transfer to the more chal-
lenging end-to-end (E2E) SLU task, which must
handle the complexities of raw audio signals di-
rectly. The E2E approach can directly leverage
non-textual acoustic cues like prosody, which may
be relevant for intent classification but absent from
a text transcript (Lugosch et al., 2019). For an am-
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biguous utterance like ‘Turn it up’, the textual infor-
mation alone is insufficient. However, the presence
of background audio provides the crucial context to
correctly classify the intent as audio_volume_up.
This motivates our focus on speech-enabled Large
Language Models (SpeechLLMs), which integrate
from powerful speech models and LLMs and show
promising performance in various speech tasks
(Arora et al., 2025).

Since Mirza et al. (2024) have already been high-
lighted that LLMs encounter significant difficulties
in addressing the complex slot filling (SF) task in
zero-shot settings, as we also confirmed in prelimi-
nary investigations, we focus our investigation into
zero-shot SLU on intent classification (IC), where
zero-shot LLM performance is considerably better.
Specifically, by comparing 6 different systems be-
longing to 3 architectural designs in 13 languages,
our study demonstrates that:

• Hybrid systems, which feed both automatic
transcripts and continuous representations by
the speech encoder into the LLM, are best
suited for zero-shot SLU, effectively bridging
the modality gap where end-to-end systems
falter.

• Multilingual capabilities, assessed through
performance of different language families,
are strongly dependent on both the LLM’s in-
nate multilingual proficiencies and the speech
encoder’s per-language accuracy, as well as
the language families covered by the data used
to train the speech encoder-LLM interface in
E2E models.

2 Zero-shot SLU

We evaluate a diverse set of architectures for zero-
shot SLU, including cascaded, end-to-end, hybrid,
and commercial systems. Unless specified other-
wise, Llama-3.1-8B-Instruct1 serves as the default
LLM for these architectures.

Cascaded systems are evaluated in two configu-
rations, each consisting of an off-the-shelf Speech
Foundation Model (SFM) followed by the LLM.
The two SFMs used for transcription are Whisper-
large-v32 (Radford et al., 2023) and Seamless-
m4t-v2-large3 (Barrault et al., 2023). These mod-
els were chosen to represent distinct architectural

1https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

2https://huggingface.co/openai/whisper-large-v3
3https://huggingface.co/facebook/seamless-m4t-v2-large

paradigms, as Whisper employs a Transformer en-
coder (Vaswani et al., 2017) while Seamless-m4t
utilizes a Conformer encoder (Gulati et al., 2020).
In this pipeline, the input speech is first transcribed
by one of the SFMs, and the resulting text is subse-
quently processed by the LLM to perform NLU.

End-to-end (E2E) systems are represented by
two instances. A custom-built SpeechLLM uti-
lizing a Seamless-m4t encoder and a pre-existing
SpeechLLM employing a Whisper encoder. Both
systems utilize continuous speech representations,
while we do not explore discrete token-based sys-
tems due to their known inferior performance in
SLU tasks (Wang et al., 2025). We specifically
developed the first system to maintain full con-
trol over the training data and thus ensure a strict
zero-shot scenario for the SLU task. The system
utilizes Seamless-m4t as the speech encoder and
Llama LLM. To bridge these heterogeneous mod-
els, we introduce a Transformer-encoder interface
that projects speech features into the LLM’s em-
bedding space similar to Verdini et al. (2025). Con-
strained by practical considerations of limited com-
puting resources, we freeze the parameters of both
the speech encoder and the LLM, training only the
randomly initialized interface via instruction tun-
ing (Zhang et al., 2025). Crucially, the interface
is trained solely using ASR data and objectives,
without incorporating any SLU-related data or su-
pervision.

As a third-party E2E SpeechLLM for our com-
parative evaluation, we included Qwen2-Audio-
7B-Instruct model.4 This model has a differ-
ent architecture, composed of a Whisper encoder
and a Qwen2 LLM (Chu et al., 2024). Unlike
our minimally-trained system, it has been exten-
sively fine-tuned on a large-scale, 510k-hour super-
vised speech-text dataset, representing a common
paradigm for developing powerful, publicly avail-
able models. While not directly comparable to our
setup, its performance provides a valuable bench-
mark for understanding how heavily fine-tuned sys-
tems operate in a zero-shot SLU scenario.

Hybrid systems condition their output on both
the raw speech and its transcription, in contrast to
E2E systems that process audio directly. For this
category, we employ the Desta2.5-Audio-Llama
model,5 which integrates the full Whisper-large-
v3 and LLaMA-3.1-8B-Instruct models (Lu et al.,

4https://huggingface.co/Qwen/Qwen2-Audio-7B-Instruct
5https://huggingface.co/DeSTA-ntu/DeSTA2.5-Audio-

Llama-3.1-8B

2



Figure 1: Comparison of different architectures

2025) instruction tuned with 7K hours of speech-
text data. This architecture leverages the explicit
text transcription from the Whisper component
alongside its acoustic representations, providing a
meaningful comparison point that occupies a mid-
dle ground between purely cascaded and E2E sys-
tems.

Commercial system Gemini-2.5-flash-lite6 (Co-
manici et al., 2025) serves as a state-of-the-art
benchmark in our study, allowing us to contex-
tualize our results. Although its architecture and
training data are opaque, this black-box compari-
son is valuable for understanding the performance
gap between proprietary and open-source models.
Since the model is multimodal, we evaluate it on
both NLU (text input) and SLU (speech input).
This also allows us to measure the modality gap
within a single commercial system and compare
these results directly against our open-source con-
figurations.

3 Prompting strategy

Recognizing the critical role of prompting in the
zero-shot performance of LLMs (Reynolds and Mc-
Donell, 2021), we conducted a preliminary study
to establish an optimal prompt design. This investi-
gation was performed on a representative subset of
the SLURP development dataset (Bastianelli et al.,
2020) to isolate the effects of different prompting
strategies.

3.1 Plain prompts and constrained decoding

Our initial approach utilized a plain prompt, de-
tailed in Table 1, which instructs the model to se-
lect an intent from a given list. While this method
achieved 57.23% IC accuracy, a qualitative analy-
sis of the outputs revealed a tendency for the model
to hallucinate intents not present in the candidate
list. To mitigate this, we enforced constrained de-
coding following Willard and Louf (2023) to limit

6https://deepmind.google/models/gemini/flash-lite/

the model’s output to only valid intents. Unexpect-
edly, this intervention proved detrimental, reducing
accuracy to 52.4%. We hypothesize that mechani-
cally restricting the output space is an insufficient
remedy. It cannot compensate for a lack of contex-
tual understanding in the prompt, particularly when
faced with fine-grained, semantically similar labels
(e.g., alarm_set vs. alarm_query, play_music
vs. music_query). This outcome highlights the
need for a more contextually rich prompting strat-
egy.

3.2 Chain-of-Thought inference

To elicit robust zero-shot intent classification
performance, we design a multi-step prompting
strategy inspired by the Chain-of-Thought (CoT)
method (Wei et al., 2022). As shown in Table 1,
instead of directly asking for an intent classifica-
tion, our prompt instructs the model to reason about
the speaker’s underlying intention first. This ini-
tial step compels the model to generate its own
understanding of the context. This self-augmented
reasoning then serves as a richer foundation for the
final classification step. This method gave 65.06%
accuracy, boosting the performance of the plain
prompt by 8%. Additionally, for SLU, we enriched
the prompt by asking for transcription of the input
utterance, in order to enable better error analysis by
helping to disentangle failures caused by incorrect
speech transcription from those caused by flawed
semantic reasoning.

4 Experimental settings

4.1 Datasets and metrics

To evaluate zero-shot SLU performance under chal-
lenging conditions, we utilize the test splits of
three datasets: SLURP (Bastianelli et al., 2020),
MASSIVE (FitzGerald et al., 2023), and Speech-
MASSIVE (Lee et al., 2024). SLURP is an English
dataset centered on an in-home personal robot as-
sistant, encompassing 18 domains and 60 intents
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Turn Role Plain

System
You are a helpful assistant. You have to choose one option from the list. Answer only with the given option.
Given the following sentence, choose a single intent of the sentence from the following intent list.
[datetime_query], ... , [lists_query]

1
User

Sentence: [gold_transcript]
Intent:

Chain-of-Thought NLU Inference
System You are a helpful assistant.

1
User Explain speaker’s intention of saying [gold transcript]
System You are a helpful assistant. Choose only one of the following intent categories: [datetime_query], ... , [lists_query]

2
User

Based on the speaker’s utterance and your understanding, choose the single action you should take for the speaker.
You must answer from given intent categories only. Answer with the intent only.

Interface Training
User Transcribe speech into text. <begin_of_speech>[speech_features]<end_of_speech>

Chain-of-Thought SLU Inference
System You are a helpful assistant. The utterance is provided within the tags <begin_of_speech>and <end_of_speech>

1
User

1. Turn the speaker’s utterance into text.
2. Explain speaker’s intention.<begin_of_speech>[speech_features]<end_of_speech>

2 Both Same prompt as NLU inference step #2.

Table 1: Prompt strategy for the inference and the training

with recorded speech, transcript and semantic an-
notations. MASSIVE is a multilingual text dataset
that expands SLURP’s scenarios into 52 languages,
while Speech-MASSIVE provides corresponding
speech data for 12 of those languages. Across all
evaluations in this work, the SLURP test split is
used for English NLU and SLU evaluation. MAS-
SIVE is used for non-English NLU evaluation and
Speech-MASSIVE is used for non-English SLU
evaluation.

For training the interface layer of our custom
SpeechLLM, we used the English portion of Com-
mon Voice 17.0 developed by Ardila et al. (2020)
(2.6K hours) exclusively for an ASR task. We
report intent accuracy in all the different model
settings and languages.

4.2 E2E system Traning
To train the custom-built E2E system of Section 2,
we configure the interface architecture to have an in-
put layer, four Transformer Encoder layers, and an
output layer. The encoder layers have a hidden size
of 768 and an intermediate dimension of 3072. The
output layer projects the resulting features to a di-
mension of 4096, matching the embedding space of
the Llama-3.1-8B-Instruct, totaling 33M trainable
parameters. Throughout all training experiments
for this component, we used a constant learning
rate of 1e-5.

5 Results

We present the full results of our comparative study
in Table 2. The NLU-only model (A), serving
as our topline, demonstrates the capability of an

off-the-shelf LLM on this task, achieving a 52.8%
average intent accuracy across 13 languages, with
a performance of 61.03% in English. Performance
varies significantly by language; English achieves
the highest accuracy, whereas languages such as
Turkish, Hungarian, Vietnamese, and Arabic are
among the lowest-performing. These results es-
tablish a crucial baseline, indicating that zero-shot
intent classification is challening even without the
audio component, particularly in a multilingual
context.

When moving to the cascaded SLU approach,
models (B) and (C) respectively exhibit perfor-
mance drops of 2% and 4% compared to the NLU
topline, a degradation that we attribute to the Word
Error Rate (WER) of the upstream ASR model.
While Whisper exhibits a better average WER over-
all ((I) vs. (J)), for languages where Seamless-m4t
has a lower WER (e.g., Arabic, Hungarian, Viet-
namese), this ASR advantage directly translates
into superior SLU performance. Consequently, for
these languages, the Seamless-m4t-based cascaded
system (C) outperforms the Whisper-based one (B).
This proves that, unsurprisingly, a critical depen-
dency for cascaded approaches exists where ASR
performance limits the ceiling for final accuracy
while the LLM cannot recover transcription errors.

The transition to an E2E approach reveals a more
substantial performance decline. Both E2E mod-
els, (D) and (E), show significant drops from the
cascaded systems, highlighting the inherent diffi-
culty of aligning raw speech representations with
LLM embeddings. Of the two, model (E) shows
the weakest performance overall. Ultimately, these

4



System Model en* ar de es fr hu ko nl pl pt ru tr vi avg
all

avg
w/o en

(A) NLU Llama-3.1-8B 61.03 45.16 53.33 53.90 54.27 49.66 54.84 54.00 53.09 52.59 55.38 51.34 47.81 52.80 52.11
(B) Whisper + Llama-3.1-8B 54.70 38.47 52.56 53.33 52.86 46.91 52.19 52.86 52.05 51.58 54.67 48.89 44.28 50.41 50.05
(C) Cascaded Seamless + Llama-3.1-8B 51.04 40.99 51.75 51.82 50.34 47.48 45.56 52.22 50.27 45.16 51.61 47.51 44.75 48.50 48.29
(D) Custom SpeechLLM 47.73 16.85 47.57 33.42 42.37 29.02 16.44 47.34 33.29 28.61 32.31 20.95 22.60 32.19 30.90
(E) E2E Qwen2-Audio-7B 32.70 9.52 33.99 33.66 33.52 4.81 23.94 22.60 10.96 26.63 29.25 7.60 3.67 20.99 20.01
(F) Hybrid Desta 2.5-Audio 52.97 38.26 54.30 53.26 52.25 46.87 53.33 54.07 53.30 52.56 55.25 49.60 44.01 50.77 50.59
(G) Gemini-2.5 flash-lite NLU 75.18 64.86 72.63 70.51 71.62 70.41 73.67 71.72 72.19 71.08 72.46 71.92 70.85 71.47 71.16
(H) Commercial Gemini-2.5 flash-lite SLU 56.76 56.86 70.01 69.54 67.05 62.14 61.13 67.92 66.58 69.13 71.05 67.92 61.74 65.22 66.42
(I) Whisper 17.91 34.19 11.84 8.95 11.09 20.98 26.42 10.52 12.58 12.11 8.99 18.06 14.94 16.04 15.89
(J) ASR Seamless 24.66 32.78 13.01 10.32 13.73 18.18 42.39 11.43 14.89 24.63 11.71 19.27 11.75 19.13 18.67

Table 2: Zero-shot Intent Classification (IC) Accuracy (%) and ASR Word Error Rate (WER, %) across all models.
Rows (A)-(H) report IC accuracy (↑), while rows (I)-(J) report ASR WER (↓). The English (en) test set from SLURP
contains 13,078 samples with multiple recordings per transcript; all other languages have 2,974 samples with a
single recording per transcript.

findings demonstrate that the E2E paradigm, de-
spite its theoretical advantages, is not yet as robust
as cascaded systems in a purely zero-shot context.

Among the open-source models, the hybrid E2E
SLU model (F) shows highly promising results
(50.77 in average), generally matching the perfor-
mance of the cascaded systems (50.41 in average).
For some languages (German, Dutch, Polish), it
even surpasses the cascaded accuracy by more than
1%, occasionally matching the NLU topline perfor-
mance. While these gains are modest, the hybrid
approach’s true strength appears to have its robust-
ness to ASR errors. This suggests that the hybrid
architecture can partially mitigate ASR error
propagation. By leveraging both acoustic fea-
tures and the transcribed text, it can provide a
richer, more resilient context to the LLM than
text alone.

For the commercial model, we observe the same
trend: the SLU task is more challenging than the
NLU task ((G) vs. (H)). Although a significant per-
formance gap exists between the commercial and
open-source models, a direct comparison between
the models remains difficult due to the proprietary
nature of the commercial model. However, this
analysis highlights both the current performance
gap and promising architectural directions for the
open-source community, especially considering the
likely disparities in training data scale.

To better understand the factors influencing mul-
tilingual performance, we performed a correla-
tion analysis between SLU system’s accuracy and
two key variables: the LLM’s NLU performance
across languages and the speech encoder’s ASR
performance. The Whisper-based systems ((B) and
(F)) exhibit remarkably strong correlations. The
cascaded system (B) shows correlations of 0.90
with the LLM and 0.71 with ASR, while the hy-
brid system (F) has similarly high correlations of

0.83 (LLM) and 0.71 (ASR). In comparison, the
Seamless-m4t-based models show slightly weaker,
yet still significant, correlations. The cascaded
model (C) has correlations of 0.72 (LLM) and 0.65
(ASR), and the E2E model (D) has a correlation of
0.63 with the LLM’s performance. These findings
quantitatively demonstrate that robust multilin-
gual zero-shot SLU is heavily dependent on two
distinct factors: the innate multilingual capabil-
ities of the backbone LLM and the per-language
quality of the speech encoder.

Additionally, our English-only training setup for
the E2E interface (D) allows us to probe the limits
of its cross-lingual generalization. The results re-
veal a clear linguistic dependency: the performance
drop for closely related languages like German and
Dutch is minimal (4.1%), whereas all other lan-
guages exhibit a much larger degradation (20%).
However, the accuracy for all other languages is
close to that of SFMs (Whisper and Seamless-m4t),
demonstrating that the model partially retains the
ability to process languages unrelated to the one
used to train the interface. While this highlights the
insufficiency of single-language training for true
multilingual performance, it also positively indi-
cates that targeted interface training based on the
language families of interest could be a key strategy
for improving these E2E models. Consequently, a
promising direction for future work is to strategi-
cally develop language-family-specific interfaces
to improve performance. Furthermore, building a
single, robust multilingual interface may benefit
from techniques that isolate the different language
families, such as building mixture-of-experts inter-
faces where each expert processes a specific lan-
guage family. We leave the investigation of this
idea and effective multilingual interface training to
future work.

In summary, our findings align with and extend
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previous work showing that SLU is more difficult
than NLU (Huang et al., 2023), demonstrating that
this challenge is significantly amplified in a zero-
shot context. We demonstrate that hybrid systems
are the most promising architecture for addressing
the task, closely followed by cascaded pipelines. In
fact, the hybrid architecture consistently emerged
as the most robust approach, demonstrating higher
resilience to ASR errors than cascaded approaches.
On the contrary, current E2E models are lagging
behind by a significant margin. We can conclude
that much research is still needed for them to close
this gap, e.g. by means of more advanced interface
designs or training strategies. Furthermore, achiev-
ing true multilingual performance remains a sig-
nificant challenge. The results are heavily dictated
by language-specific ASR quality for cascaded sys-
tems and linguistic proximity to the training data
of the interface between the SFM encoder and the
LLM for E2E models.

6 Conclusion

In this paper, we conducted a systematic evalua-
tion of zero-shot Spoken Language Understanding
(SLU) for intent classification (IC) using speech-
enabled Large Language Models (SpeechLLMs).
Our analysis covers diverse model architectures
across 13 languages. By comparing text-only NLU
toplines against cascaded, end-to-end (E2E), and
hybrid systems, we aimed to map the current land-
scape, identify the most effective architectural de-
signs, and understand the challenges of multilin-
gual transfer.

Our findings reveal several key insights. First,
we quantitatively demonstrate that hybrid architec-
tures currently offer the most robust and promis-
ing solution for zero-shot SLU. They effectively
match the performance of strong cascaded systems
while showing greater resilience to upstream ASR
errors. In contrast, current end-to-end models lag
significantly behind, highlighting the substantial
challenge of aligning speech and text representa-
tions. Second, our multilingual analysis highlights
that performance is far from uniform. It is heavily
influenced by two distinct factors: the innate mul-
tilingual capabilities of the LLM and the speech
encoder’s ASR capabilities for each language. We
also show that zero-shot cross-lingual transfer from
an English-only trained model is limited, primarily
benefiting only linguistically similar languages.

For future works, as our work focused exclu-

sively on intent classification, extending this analy-
sis to the more complex task of slot filling is a criti-
cal next step. Furthermore, to unlock the potential
of end-to-end SLU systems in multilingual settings,
dedicated strategies account for language similari-
ties should be investigated for training SpeechLLM
interfaces.
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