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Abstract

Spoken Language Understanding (SLU) consists of two sub-
tasks: intent detection (ID) and slot filling (SF). Given its
broad range of real-world applications, enhancing SLU for
practical deployment is increasingly critical. Profile-based
SLU addresses ambiguous user utterances by incorporating
context awareness (CA), user profiles (UP), and knowledge
graphs (KG) to support disambiguation, thereby advancing
SLU research toward real-world applicability. However, ex-
isting SLU datasets still fall short in representing real-world
scenarios. Specifically, (1) CA uses one-hot vectors for repre-
sentation, which is overly idealized, and (2) models typically
focuses solely on predicting intents and slot labels, neglecting
the reasoning process that could enhance performance and
interpretability. To overcome these limitations, we introduce
VRSLU, a novel SLU dataset that integrates both Visual im-
ages and explicit Reasoning. For over-idealized CA, we use
GPT-40 and FLUX.1-dev to generate images reflecting users’
environments and statuses, followed by human verification to
ensure quality. For reasoning, GPT-40 is employed to gener-
ate explanations for predicted labels, which are then refined
by human annotators to ensure accuracy and coherence. Ad-
ditionally, we propose an instructional template, LR-Instruct,
which first predicts labels and then generates corresponding
reasoning. This two-step approach helps mitigate the influ-
ence of reasoning bias on label prediction. Experimental re-
sults confirm the effectiveness of incorporating visual infor-
mation and highlight the promise of explicit reasoning in ad-
vancing SLU.

Datasets — https://github.com/Tele- Al/TeleVRSLUBench

Introduction

Spoken Language Understanding (SLU) is a fundamental
component of task-oriented dialogue (TOD) systems (Ni
et al. 2023). It generally comprises two sub-tasks: intent de-
tection (ID) and slot filling (SF) (Tur and De Mori 2011).
ID aims to identify the user’s underlying intent, while SF
focuses on extracting entities associated with that intent. To-
gether, the predicted intent and slot labels form the basis for
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Figure 1: The construction process of scene images and rea-
soning in VRSLU: scene images (b) are generated based
on the one-hot vectors (a) in CA, while reasoning are con-
structed by integrating the utterance, CA, UP, KG, intent,
and slot labels (c).

generating appropriate system responses and executing sub-
sequent actions within TOD systems. Given its wide applica-
bility in domains such as smart speakers, virtual assistants,
and smart home systems, SLU has attracted increasing re-
search attention in recent years (Qin et al. 2021b; Weld et al.
2022; Muhammad et al. 2025).

Previous research on SLU can be broadly categorized into
two stages. The first stage focuses on traditional SLU un-
der idealized conditions, where user utterances are clear, ex-
plicit, and unambiguous. In such settings, models are able to
accurately identify intent and slot information based solely
on the utterance. Existing methods have already achieved
promising results under these conditions (Qin et al. 2021a;
Chen et al. 2022; Wu et al. 2024a). However, this sce-
nario does not reflect the complexity of real-world applica-
tions, where user utterances are often vague or ambiguous.
For example, given the utterance “Play Martial Universe
by Tiancan Tudou on the smart screen”, it is difficult for
the model to determine whether the user is requesting mu-
sic, a video, or an audiobook. To address such challenges,
Xu et al. (2022) demonstrated that traditional SLU methods



struggle with ambiguous inputs and proposed Profile-based
SLU (ProSLU). This task requires the model to integrate ad-
ditional sources of information to accurately infer user intent
from ambiguous utterances. These sources include: Context
Awareness (CA), which reflects the user’s current environ-
ment and state; User Profile (UP), which captures personal
preferences and attributes; and Knowledge Graphs (KG),
which provide knowledge about entities in the utterance. Al-
though ProSLU marks an important step toward handling
utterance ambiguity in real-world scenarios, significant dis-
crepancies still remain between current research efforts and
practical deployment:

¢ Overly idealized representation of CA: In ProSLU, CA
is represented using one-hot vectors (e.g., “Home: 1.0, ...
Walking: 1.0, ...”), as illustrated in Figure 1(a). However,
such representations are overly simplified and fail to cap-
ture the complexity of real-world environments. In prac-
tice, CA is more realistically derived from visual inputs,
where the model must infer the user’s surroundings and
state from images, as shown in Figure 1(b), rather than
relying on predefined categorical encodings.

Lack of explicit reasoning: Traditional SLU and
ProSLU systems produce only intent and slot predictions
without providing the underlying reasoning process. This
limitation overlooks the potential benefits of reasoning
for improving both accuracy and interpretability. Explicit
reasoning not only facilitates a deeper understanding of
user intent but also enhances the transparency and trust-
worthiness of SLU systems, which is crucial for real-
world deployment.

To address the two challenges discussed above and ad-
vance SLU research toward real-world applicability, we con-
struct a new SLU dataset that incorporates both Visual
scenes and Reasoning, VRSLU. To mitigate the issue of
overly idealized CA representation, we first empirically
demonstrate that CA significantly enhance the model’s un-
derstanding of user utterances, underscoring their impor-
tance. We further argue for the use of images instead of one-
hot vectors. Then, we use GPT-40 to convert the one-hot
encoded CA vectors into descriptive paragraphs, and gen-
erate corresponding images using FLUX.1-dev. All gener-
ated images undergo manual verification to ensure seman-
tic alignment and visual quality. To address the lack of ex-
plicit reasoning, we input the utterance, CA, UP, KG, and the
corresponding intent and slot labels into GPT-40, prompt-
ing it to generate explanatory reasoning for each label, as
illustrated in Figure 1(c). All reasoning outputs are manu-
ally reviewed and refined to ensure both accuracy and clar-
ity. Furthermore, we propose LR-Instruct, an instructional
method that first predicts labels and subsequently generates
reasoning. This two-step approach effectively mitigates the
impact of reasoning deviations on label prediction in mul-
timodal large language models (MLLMs). Experimental re-
sults demonstrate the effectiveness of our approach across
multiple MLLM:s. Finally, we show that both visual images
and explicit reasoning play critical roles in accurately under-
standing user requests.

The contributions of this work are as follows:
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1. To extend SLU to more practical scenarios, we con-
struct a novel dataset, VRSLU, which is the first to include
both visual scene images and explicit reasoning processes.

2. We propose LR-Instruct, an instruction-based method
that enhances performance across multiple MLLMs on
VRSLU. Additionally, we demonstrate the critical role of
visual context and the potential of explicit reasoning in ac-
curately identifying intent and slot labels.

Related Work
Traditional SLU Dataset Progress

The Airline Travel Information Systems (ATIS) dataset has
gained significant popularity in the NLP community since its
release (Hemphill, Godfrey, and Doddington 1990), and has
been extended to various languages (Upadhyay et al. 2018;
Xu, Haider, and Mansour 2020). However, due to its single-
domain focus on aviation, Tur and De Mori (2011) argues
that it is difficult to learn transferable knowledge applicable
to other domains from this dataset. Similarly, CAIS, the first
dataset primarily targeting the music domain, suffers from
comparable limitations (Liu et al. 2019). The SNIPS bench-
mark, collected via crowdsourcing by Snips (Coucke et al.
2018), contains utterances from voice assistants and smart
home devices across seven domains. Its multi-domain na-
ture has contributed to its widespread adoption in SLU re-
search (Song et al. 2025). Furthermore, Saade et al. (2019)
expanded the scope of SLU by introducing the Spoken
Language Understanding Resource Package (SLURP) (Bas-
tianelli et al. 2020), which covers an even broader range of
domains.

ProSLU Dataset Progress

Xu et al. (2022) demonstrated that many studies based on
the aforementioned datasets fail to effectively handle am-
biguous utterances (Li et al. 2022a; Zhou et al. 2021). To
address this issue, they proposed ProSLU, a dataset that in-
corporates not only user utterances as input to the model, but
also integrates UP, CA, and KG information to enhance the
model’s ability to accurately interpret user requests (Pham
and Nguyen 2024; Teng et al. 2024). Compared with tradi-
tional SLU datasets, ProSLU is more representative of real-
world SLU scenarios.

However, a significant disconnect remains between
ProSLU and real-world SLU scenarios, primarily due to
overly idealized CA and a lack of explicit reasoning. To ad-
dress these limitations, we introduce VRSLU, a new dataset
designed to overcome the shortcomings of existing SLU
benchmarks. Key differences are summarized in Table 1.

Advances in LLMs for SLU

LLMs have demonstrated potential across a wide range of
NLP tasks (He et al. 2024; Li et al. 2024b; Wang et al. 2024c;
Li et al. 2024a; Wang et al. 2025), including SLU. Previ-
ous SLU approaches (Wu et al. 2024b; Aimaiti et al. 2024)
typically formulate ID as a text classification task (Li et al.
2022b; Xiong et al. 2024), and SF as a sequence labeling
task (Qu et al. 2023). In contrast, most LLM-based methods
treat SLU as a generative task. Pan et al. (2023) explores the



Model Ambiguous? Visual? Reasoning?
ATIS X X X
CAIS X X X
SNIPS X X X
SLURP X X X
ProSLU Vv X X
VRSLU vV vV 4

Table 1: Differences between the VRSLU and previous SLU
datasets. Here, x denotes the absence of a particular charac-
teristic in the dataset, while / indicates its presence.

zero-shot performance of ChatGPT on SLU. Subsequently,
Zhu et al. (2024) proposes GPT-SLU, which models the re-
lationship between ID and SF through prompting. Similarly,
Teng et al. (2024) applied GPT to the ProSLU dataset.

Due to the lack of reasoning annotations, existing models
generate only intent and slot labels, limiting the generative
potential of LLMs. Moreover, applying MLLMs to SLU re-
mains underexplored because few SLU datasets include vi-
sual information.

Visual Scene Construction
Significance of CA

Users’ requests are often influenced by their surrounding en-
vironment and current state. To further validate the impor-
tance of CA, we conduct experiments on the ProSLU dataset
using both General SLU (Xu et al. 2022) and ProHAN (Teng
et al. 2024) under two settings: with CA information (w/ CA)
and without CA information (w/o CA). The results are pre-
sented in Figure 2.

/o CA
General SLU 70.06 a1 w/0
’ w/ CA
70.43
Pro-HAN $701

Figure 2: Overall accuracy of General SLU and ProHAN
under w/ CA and w/o CA Settings.

As shown in the figure, both models exhibit a decrease in
overall accuracy under the w/o CA setting compared to the
w/ CA setting. This indicates that incorporating CA informa-
tion enables the model to better complete ID and SF.

Necessity of Visual Representation

As shown in Figure 1(a), CA in ProSLU is represented as a
one-hot vector. However, in real-world scenarios, conveying
the user’s surrounding environment and state in this man-
ner is impractical. A more realistic setting involves provid-
ing the model with an image that captures this context, from
which it can infer the relevant CA information. Learning CA
from images helps narrow the divide between research and
practical deployment.

33901

Visual Scene Construction Process

Due to the high costs associated with capturing real user
scenarios and states, which involve diverse environments,
camera angles, and recruiting users of various ages and gen-
ders, we use FLUX.1-dev to directly generate images with-
out specifying scene configurations, camera perspectives, or
user attributes. This approach enables us to obtain a wide
variety of scene images while keeping costs manageable.

Initially, we attempt to generate images directly from
CA one-hot vectors using FLUX.1-dev; however, the re-
sults were unsatisfactory. Consequently, we adopt an alter-
native approach: first, GPT-40 generates descriptive para-
graphs based on the CA information, and then FLUX.1-dev
produces images from these descriptions. The overall pro-
cess is illustrated in Figure 3. (Note: The GPT-40 version
used in this work is dated 2023-05-15, with a temperature
setting of 0.7. The FLUX.1-dev hyperparameters are as fol-
lows: guidance scale is set to 3.5 and the number of infer-
ence steps is 50. The scene images are generated on a single
NVIDIA A6000 GPU with 48GB of memory.)

{"Role": "System",

"Instruction": "You are an expert in handling key-value pairs and can
rewrite them into coherent sentences. Given key-value pairs describing
a person's environment and state, please use them along with common
sense to write a paragraph about the person’s status and
surroundings."},

{"Role": "User",

"Content": " {

"Key-value pairs": -+,

"Restrict": "It is sufficient to answer only the results of your rewriting,

without any analyses or explanations."}"} (a)
Surrounding environment: --- Home: 1.0 ---,
e bl Posture: --- Walking: 1.0 ---, - )

The person is walking indoors, and the surrounding environment

©

indicates they are currently at home.

Fail

FLUX.1-dev «—

Manual verification

Figure 3: The process of image construction. Where, (a)
shows the prompt, (b) represents CA one-hot vectors, (c) is
the corresponding descriptive paragraph, (d) and (e) are in-
valid images, highlighted in red, and (f) is a valid image.

Due to the high cost of using GPT-40, we initially sam-
ple 100 instances from the dataset to iteratively refine the
prompt. We start by designing the initial prompt and us-
ing the API to generate descriptive paragraphs for these in-
stances. Subsequently, the paragraphs are used to generate
corresponding images with FLUX.1-dev.



({“Role": "System", ") (Utterance: B

"Instruction” : "You are an expert in reasoning completion for Play Martial Universe by Tiancan Tudou on the smart screen.

spoken language understanding tasks. Given the current utterance | | Itent:
along with its corresponding intent and slot labels, you are able to g {“:‘Y—VOICE
ot:

identify relevant information from the wuser's status and
environment, user profile, and the knowledge base, and generate
a rationale for the existing labels."},

{ PLAY_ VOICE.deviceType : smart screen, PLAY VOICE.artist : Tiancan
Tudou, PLAY_VOICE.voiceName: Martial Universe}

{"Role": "User", Context awareness (user's status and environment):

"Content": "{ {Surrounding environment: Home ‘-, Movement state: Walking -}
"Utterance": -+ User profile: _ _ .

"Intent" --- ’ {Audio/Video Preferences: Music > Audiobooks > Video >, ---}
"Slot": o Knowledge graph:

{---Martial Universe is an Eastern fantasy novel serialized on Qidian Chinese

"Context awareness (user's status and environment)": -+, Network, written by Tiancan Tudou, -~}
::User profile": o { - -Martial Universe is a historical fantasy martial arts drama co-produced by
"Knowled"ge gr"ag'h > 7% Deep Blue Film, Youku, Beijing Century Partner Culture, -}

L Example": ---"}"} (@) ) {-- Television drama---} ®) )

> GPT-40 <

According to user preference data, although music accounts for a large proportion of preferences in audio/video applications, video content still
receives considerable attention. Meanwhile, the user is currently indoors and has a smart screen as the playback device. The knowledge base shows that
Martial Universe is a TV series supported by multiple online streaming platforms such as Youku, making it suitable for viewing on a smart screen.
Based on this information, the user's intention to watch Martial Universe on the smart screen is likely driven by a desire to enjoy video content at home
for entertainment. Therefore, the user’s intent and slots better align with the need to play this TV series on a smart screen. (c)

Manual evaluation & correction

The user is currently at home and has the capability to use a smart screen indoors. According to user preferences, music is the most preferred content
type, followed by audiobooks, with video being the least preferred. Based on the knowledge base, Martial Universe may refer to either a video or a
novel, with the novel being directly associated with Tiancan Tudou. Therefore, the user's intent is to play the audiobook version of the novel. (d)

Figure 4: The process of reasoning construction. Where, (a) is the prompt, (b) is an example (information irrelevant to the user’s
request has been omitted for clarity), (c) is the original reasoning generated by GPT-40 with errors highlighted in red, and (d)
is the manually corrected result.

For scene image verification, we recruit two professional Reasoning Construction
annotators with prior experience in image annotation to as-

sess the quality of the 100 generated images. The annota- Potential Benefits of Reasoning

tors are asked to identify errors such as logical inconsisten- Reasoning is the process of thinking in a logical and sys-
cies or failures to accurately reflect the user’s environment tematic manner, leveraging evidence and prior experience
and state. After multiple rounds of prompt refinement, the to reach conclusions or make decisions (Valmeekam et al.
final prompt used for image generation is presented in Fig- 2022). It enables models to provide valid justifications
ure 3(a). Images generated with this prompt achieve accu- for their predictions, thereby improving interpretability and
racies of 85.00% and 87.00% according to the two annota- transparency (Huang and Chang 2023). Moreover, incorpo-
tors, respectively. The inter-annotator agreement, measured rating appropriate reasoning processes has been shown to
by Gwet’s AC1, is 0.9170, indicating high reliability. enhance model performance across a range of tasks (Zhang

et al. 2023; Wang et al. 2024a). However, existing SLU re-
search has largely focused on intent and slot label predic-
tion, while neglecting the generation of reasoning processes.
This oversight limits both the accuracy and interpretability
of models, thereby hindering the deployment of SLU sys-
tems in real-world scenarios. A major contributing factor is
the lack of annotated reasoning processes in current SLU
datasets, which deprives models of clear learning targets. To
address this issue, we construct reasoning explanations for
each sample using the following approach.

After finalizing the prompt for GPT-40, we follow the
workflow illustrated in Figure 3 to generate a corresponding
visual scene for each CA entry and conduct manual verifi-
cation on all generated images. An image is accepted only if
both annotators agree that it meets the predefined quality cri-
teria; otherwise, it is regenerated. As shown in Figure 3(d),
there is no person in the image, although the scene is a home.
In Figure 3(e), the character is depicted as being neither at
home nor in a walking state. Both images fail to accurately
reflect CA provided in Figure 3(b), they are considered in-

valid. Invalid images are regenerated using FLUX.1-dev un- Reasoning Construction Process

til a valid version is produced. As illustrated in Figure 3(f), a The overall reasoning construction process is illustrated in
valid image is semantically consistent with CA and visually Figure 4. Specifically, for each sample, we first use GPT-
reasonable, thereby satisfying the annotation criteria. 40 to generate an explanation of the user’s request, which is
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then refined through manual evaluation and correction.

To optimize the prompting strategy, we randomly select
100 instances and iteratively refine the prompt used for rea-
soning generation within our computational constraints. Af-
ter several rounds of refinement, we determine that the op-
timal input should include the utterance, intent label, slot
labels, UP, KG, and CA (in textual form). We exclude pre-
viously generated images, as they tend to reduce the quality
of the reasoning, likely due to GPT-40 needing to interpret
the image in order to extract CA. In contrast, providing CA
directly in text form allows for more accurate reasoning. To
further enhance quality, we manually construct a reasoning
example for a randomly selected instance and include it in
the prompt. The final version of the prompt is shown in Fig-
ure 4(a).

Although we iteratively refine the prompt based on 100
sampled instances, the generated reasoning is not always co-
herent. As shown in Figure 4(b), the intent label of the user
utterance is “PLAY_VOICE”, and the corresponding slot la-
bels also indicate a voice-related request. While the KG pro-
vides relevant information about the novel, GPT-40 still mis-
interprets the user’s intent as playing a video, as illustrated
in Figure 4(c). This may be due to the ambiguity of the utter-
ance itself, as well as the presence of irrelevant information
in UP, KG, and CA. Furthermore, GPT-40 occasionally hal-
lucinates and fails to correctly interpret the intent and slot
labels, resulting in incorrect reasoning in the output.

To address these issues, we invite two annotators with ex-
perience in SLU-related labeling tasks (different from those
who annotated the images) and two doctoral students spe-
cializing in TOD research to manually evaluate and revise
the generated reasoning. The procedure is as follows:

1. Define Annotation Guidelines: Annotators compare
the reasoning generated by GPT-40 with the intent and slot
to assess its clarity, relevance, and accuracy. If revision is
needed, they must provide justifications, such as vague ex-
planations or weak alignment with the labels. This feedback
then informs the discussion and refinement process in 5.

2. Group Assignment: Groups are formed by drawing
lots. Each group consists of one annotator with experience
in SLU and one doctoral student with a background in TOD
system research.

3. First-round Review: Each group independently re-
views and revises the entire dataset. Within each group, the
two members collaborate to evaluate and edit the reasoning.

4. Cross Review: After the initial review, the two groups
exchange their annotated samples. Each group then jointly
evaluates the annotations made by the other group.

5. Result Integration: Each sample produces two revised
versions of the reasoning. If the versions are consistent, they
are merged. In case of discrepancies, all four participants
engage in a joint discussion to finalize the reasoning.

These steps complete the construction of the reasoning
component in the dataset. A revised reasoning example is
shown in Figure 4(d). Compared to the original reason-
ing generated by GPT-4o, the revised version emphasizes
that the user’s current environment is suitable for using a
smart screen, removes the video-related content, clarifies
that “Martial Universe” refers to the novel by the author
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“Tiancan Tudou”, and concludes that the user intends to play
the audiobook version of the novel.

Method
Task Description

Following previous research on LLM-based SLU (Wu et al.
2022; Xing et al. 2024), ID and SF are typically formulated
as question-answering tasks. Notably, in VRSLU, the model
input includes not only the user utterance U, but also three
types of knowledge: UP T, and KG T}, in textual form,
and CA I, as visual scenes. The model generates the rea-
soning process R that underlies the user’s request, as well as
the intent label L and slot labels Lg.

L;,Lg,R=MLLM(U, Typ, Thg,Ica)- (1)

Instructional Template

VRSLU requires models to predict both intent and slot la-
bels, as well as to generate the corresponding reasoning pro-
cess. However, deviations in the reasoning process of LLMs
can lead to incorrect label predictions (Chua et al. 2024).
To mitigate this, inspired by Hase and Bansal (2021); Lyu,
Apidianaki, and Callison-Burch (2024), we propose LR-
Instruct, an instructional template framework that first per-
forms label prediction followed by reasoning generation.

You are an expert in spoken language understanding. Your task
is to infer the user’s intent and slot labels from their utterance by
incorporating information about the user’s environment, internal
state, profile, and relevant knowledge graph. You must also
provide a clear reasoning process for each predicted label.

10:

Identify the intent and slot labels in the current Intent

user's utterance. Utterance: ‘- User environment Slot
I1: and status:<image> User profile: --- Knowledge T

graph: --- Intent candidate list: [...]. Slot

candidate list: [...]. ML;“M
12: Infer the user's current request. Utterance: -+ Reasoning

Figure 5: The proposed LR-Instruct for VRSLU. Due to
space limitations, we omit the case details as well as the can-
didate lists for intent and slot labels.

As illustrated in Figure 5, we construct a multi-turn
question-answering prompt consisting of three parts. The
first part (I0) instructs the model to role-play as an SLU ex-
pert and introduces the task. The remaining two parts cor-
respond to the model’s expected outputs. In I1, the model
is required to select appropriate intent and slot labels from
the candidate list based on the utterance, the provided CA
image, UP, and KG. In 12, the model is asked to provide the
reasoning behind the label selection. All three components
(I0-12) are used during both training and inference.

Experiments
Multimodal Large Language Model

Since VRSLU includes images, we adopt the following
MLLMs as baselines in our experiments: Yi-VL-6B (Al



Model Intent (Acc) Slot (F1) Overall (Acc) Reasoning (Bleu-1) Reasoning (Bleu-4) Reasoning (Sim)
Qwen2-VL-2B 74.01 74.42 69.11 4493 12.57 74.79
+ Ours 78.96 76.34 72.76 45.19 12.89 76.33
Qwen2.5-VL-3B 84.37 85.10 79.66 46.97 13.90 77.43
+ Ours 87.19 87.37 81.54 47.21 14.02 77.56
Yi-VL-6B 80.98 82.14 77.78 47.20 14.15 77.81
+ Ours 86.93 87.14 82.86 47.66 14.73 78.66
Qwen2-VL-7B 84.56 86.60 81.54 47.17 14.56 78.12
+ Ours 91.64 92.12 85.08 48.01 14.89 78.45
Qwen2.5-VL-7B 86.44 87.91 82.86 4791 14.72 78.76
+ Ours 92.66 92.62 86.63 48.61 14.98 78.94

Table 2: Main experiment results.

et al. 2024). The model employs a Vision Transformer for
image encoding, while the projection module facilitates the
alignment between image and text. Qwen2-VL (Wang et al.
2024b). It is a multimodal extension of Qwen2-7B that can
process visual and language inputs simultaneously. We use
two parameter scales for this model: 2B and 7B. Qwen2.5-
VL (Bai et al. 2025). It is an upgraded version of Qwen2-
VL. We use two parameter scales for this mode: 3B and 7B.
These MLLMs are required to perform reasoning before pre-
dicting the intent and slot labels.

Experiment Setup

For fairness, both the proposed LR-Instruct and all base-
lines are fine-tuned using LoRA (Hu et al. 2022). We use
the AdamW optimizer (Loshchilov and Hutter 2017) with a
learning rate of 5e-5 and train each model for 3 epochs, with
a per-device batch size of 1. The LoRA rank is set to 8 and
the dropout rate to 0.1. To ensure reproducibility, we use a
fixed random seed of 42 across all MLLMs. All experiments
are conducted on eight NVIDIA A100 GPUs (40GB each).

Evaluation Metrics

Consistent with prior SLU work (Wu et al. 2025), FI-
score (F1) is used to evaluate the performance of SF, ac-
curacy (Acc) to evaluate ID performance, and overall accu-
racy to evaluate sentence-level semantic frame parsing per-
formance. Since VRSLU requires reasoning in the output,
we use BLEU-1 and BLEU-4 scores to evaluate reason-
ing quality. We also compute the cosine similarity between
the generated and reference reasoning texts using Qwen3-
Embedding-0.6B (Zhang et al. 2025), following the official
Sentence Transformers guidelines.

Main Result

The experimental results of various MLLMs combined with
the proposed LR-Instruct are presented in Table 2.

1. When combined with various MLLMs, the proposed
LR-Instruct consistently improves intent Acc, slot F1, and
overall Acc performance. It also achieves notable gains in
reasoning metrics, including BLEU-1, BLEU-4, and cosine
similarity. A key factor contributing to these improvements
is that LR-Instruct requires MLLMs to predict labels prior to
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generating reasoning, thereby mitigating the negative effects
of reasoning errors. Moreover, the improvements achieved
by our method are robust across variations in MLLM pa-
rameters and architectures, demonstrating its consistent ef-
fectiveness.

2. The quality of reasoning is positively correlated with
intent and slot prediction accuracy when using the same un-
derlying MLLM. Higher reasoning performance reflects a
deeper understanding of the user’s request, which in turn en-
hances the model’s ability to accurately identify intent and
slot labels.

Analysis

We construct VRSLU, the first SLU dataset that integrates
both visual information and reasoning processes. This raises
three key questions: Q1: Can the constructed scene images
effectively reflect the user’s current environment and state,
thereby enhancing the model’s understanding of the user’s
utterances? Q2: What are the potential benefits of requiring
the model to output not only intent and slot labels but also
the corresponding reasoning process? Q3: What risks might
arise from explicitly generating the reasoning process as part
of the model’s output?

To investigate the above questions, we carry out the fol-
lowing analyses.

Al: As shown in Figure 2, the CA one-hot vector helps
the model understand user requests. If constructed images
are truly effective, removing them or replacing them with
low-quality alternatives should degrade model performance.
To verify this, Table 3 presents the performance of our LR-
Instruct method (Qwen2.5-VL-7B) under two conditions:
without the CA image (w/o I.,) and with CA images that
have not been manually verified (w/ unverified I.,). Com-
pared to the original setting, overall accuracy drops by
3.39% and 1.18%, respectively. These results suggest that
manually verified images more accurately represent the
user’s environment and state, thereby confirming the ef-
fectiveness of constructed scene images in enhancing the
model’s understanding of user utterances.

A2: Requiring the model to generate a reasoning process
offers two main advantages:

(1) Intuitively, requiring the model to generate a rea-



PLAY_VIDEO (@

PLAY_ VIDEO.deviceType: smart screen,
PLAY VIDEO.actor: Tiancan Tudou,
PLAY VIDEO.videoName: Martial Universe (c)

The user is indoors, and among their preferences, music ranks the
highest. Additionally, Martial Universe may refer to either a TV series or
a novel and is associated with Tiancan Tudou. The user's intention to play
the video on a smart screen aligns well with their current needs. ©

PLAY_ VOICE ®)

PLAY_ VOICE.deviceType: smart screen,
PLAY_VOICE.artist: Tiancan Tudou,
PLAY_VOICE.voiceName: Martial Universe (d)

The user is indoors, and likely intends to play some content. Among the
user's preferences, music ranks the highest. However, the knowledge base
shows that Martial Universe could be either a TV series or a novel. Since
the user has specified the author as Tiancan Tudou, it is highly likely that
the user wants to play the audiobook version of the novel. ®

Figure 6: Predictions and reasoning from Qwen2.5-VL-7B and Qwen2.5-VL-7B+LR-Instruct. (a), (c), and (e) display the intent,
slot, and reasoning of Qwen2.5-VL-7B; (b), (d), and (f) show the corresponding outputs from Qwen2.5-VL-7B+LR-Instruct.

Setting Intent (Acc) Slot (F1) Overall (Acc)
Ours 92.66 92.62 86.63
w/o I, 89.08 89.78 83.24
w/ unverified /., 90.45 91.24 85.45
w/o R 90.40 91.04 85.15
w/ uncorrected R 89.45 90.01 83.86
w/o I.,&R 87.76 87.81 80.98
w/ automated I.,&R 89.45 89.24 83.05

Table 3: Impact of CA image and reasoning on results.

soning process enhances interpretability. As shown in
Figure 6, we compare the outputs of Qwen2.5-VL-7B and
Qwen2.5-VL-7B+LR-Instruct for the case in Figure 4(b).
While the former correctly identifies “Tiancan Tudou” as
a novel or TV series, it ultimately misinterprets the user’s
intent as requesting a video. In contrast, the proposed LR-
Instruct retrieves the author “Tiancan Tudou” from the
knowledge base and grounds this information in the user’s
utterance. This enables the model to infer that the user in-
tends to play the audiobook version of the novel, thereby ac-
curately predicting the intent and slot labels. Regardless of
correctness, generating an explicit reasoning process could
improve model transparency and facilitate interpretability.

(2) Moreover, requiring the model to generate reason-
ing helps unlock its potential in ID and SF, thereby im-
proving overall performance. We evaluate two settings: re-
moving the reasoning process (w/o R) and using uncorrected
automatically generated reasoning (w/ uncorrected R). As
shown in Table 3, w/o R leads to drops in intent Acc, slot F1,
and overall Acc compared to the vanilla setting. This indi-
cates that requiring reasoning helps the model better under-
stand the utterance and make more accurate predictions. The
performance decline in w/ uncorrected R also suggests that
GPT-40’s generated reasoning still benefits from human re-
finement. Additionally, we conduct experiments by remov-
ing both CA images and reasoning (w/o I.,&R), as well as
using unverified CA images and uncorrected reasoning (w/
automated 1., &R). The results show consistent drops across
all metrics compared to the vanilla setting, confirming the
usefulness of both CA (image) and reasoning, and highlight-
ing the importance of human verification.

A3: As illustrated in Figure 6, a key risk of explicitly

generating the reasoning process is that flawed reason-
ing can negatively impact the accuracy of label predic-
tions. Supporting this observation, Tables 2 and 3 show that
Qwen2.5-VL-7B, which generates reasoning before making
predictions, performs worse than its counterpart without rea-
soning (w/o R). This suggests that if not well controlled,
reasoning generation may hinder model performance. The
proposed LR-Instruct mitigates this issue by first predicting
labels and then generating reasoning, which enhances the
model’s ability to discriminate between intent and slot cate-
gories. As shown in Figure 7, after applying LR-Instruct to
the Qwen2.5-VL-7B, its recognition performance on most
intent and slot categories surpasses that of the baseline, in-
tuitively demonstrating the effectiveness of our method.

100.00 100.00
80.00 80.00
60.00 60.00
40.00 40.00

Qwen2.5-VL-7B Qwen2.5-VL-7B + LR-Instruct
(a) (b)

Figure 7: Comparison of results for different categories of
intent (a) and slot (b).

Conclusion

In this work, we propose a novel benchmark, VRSLU, which
is the first SLU dataset that incorporates user environment
and statue scene images as part of the input, and requires
models to generate reasoning processes. We also propose
LR-Instruct, a method that first prompts the model to pre-
dict labels before generating the reasoning process, thereby
effectively mitigating the influence of reasoning errors on
prediction outcomes. Finally, we highlight the contributions
of scene images and the potential benefits of explicit rea-
soning. In future work, we will explore extending VRSLU
to Al networks (Shao and Li 2025) to make SLU research
more closely aligned with real-world applications.
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