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ABSTRACT. Spoken language understanding is a critical task in task-oriented dialogue
systems, primarily composed of two subtasks: semantic slot filling and intent recognition,
which are highly correlated and typically trained jointly. Since multiple intent information
in utterances can guide semantic slot filling, and semantic slot information can also as-
sist in better intent recognition, the model employs a graph attention network to establish
bidirectional interactions between intents and semantic slots. Additionally, the large lan-
guage model ChatGPT is introduced to effectively capture complex semantic associations
and long-range dependencies in dialogues, enhancing the model’s contextual awareness.
The experimental results on the MizATIS and MixSNIPS datasets show that our method
achieves semantic accuracy improvements of 1.0% and 0.8%, respectively, compared to
previous models.

Keywords: Intent recognition, Slot filling, Graph attention network, Large language
model

1. Introduction. Spoken Language Understanding (SLU) [1] is a critical component of
task-oriented dialogue systems. It typically includes two classical subtasks: intent detec-
tion and slot filling. Intent detection focuses on predicting the user’s intent, which can
be regarded as a text classification problem. Slot filling focuses on extracting entity in-
formation from the text, predicting entity type labels for each word in the utterance, and
this task is generally considered a sequence labeling problem [2]. Early approaches treated
intent detection and slot filling as separate tasks without considering their interdependen-
cies. However, in real-world scenarios, users often express multiple intents within a single
utterance. Taking the example in Figure 1, the utterance indicates two intents: “PlayMu-
sic” and “GetWeather”. Therefore, researchers have begun to adopt multi-task learning
principles to construct joint frameworks for multi-intent detection and slot filling. Among
these, Gangadharaiah [3] first proposed a joint framework for multi-intent detection and
slot filling under a multi-task framework, treating multi-intent detection as a multi-label
classification task. They introduced sentence-level and token-level joint multi-intent de-
tection and employed a gating mechanism to model dependencies between intents and se-
mantic slots. However, the gating mechanism failed to adequately summarize and capture
intent information. To address this, Qin et al. [4] proposed an adaptive graph-interaction
framework (AGIF) for joint multi-intent detection and semantic slot filling, utilizing a
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F1iGURE 1. An example of utterance with multiple intents and slots

graph neural network architecture to establish strong correlations between intents and
semantic slots. Building on this, in 2021, Qin et al. [5] further employed graph neural
networks to construct local semantic slot interaction graphs and global intent-semantic
slot interaction graphs to model the connections between the two tasks.

Although existing joint models for multi-intent Spoken Language Understanding have
achieved significant progress, two major issues remain.

1) Neglect of guidance from slots to intents. While researchers acknowledge the de-
pendency of slot labels on intents [3], existing models primarily utilize predicted intent
information to guide slot filling but fail to fully exploit the guidance value of slot informa-
tion for multi-intent detection. Observations reveal that multi-intent detection and slot
filling can mutually instruct each other. In previous joint models, multi-intent detection
could only receive guidance from shared semantic features of slots. The lack of bidirection-
al guidance from slots to intents restricts the improvement of model accuracy. To address
this, this study constructs a bidirectional interaction architecture based on a graph at-
tention network [6], leveraging GAT’s capability to explicitly distinguish intent and slot
nodes through heterogeneous graph construction [7], enable localized attention focusing
on task-specific dependencies [8], and support dynamic bidirectional message passing [9].
This allows the model to integrate multi-intent information from utterances to guide rele-
vant slot filling while leveraging slot information to enhance intent recognition, addressing
the underutilization of task-related associations in existing joint models and strengthening
their interactivity. 2) Traditional joint modeling approaches for multi-intent recognition
and slot filling often exhibit a disconnect between intents and slots when dealing with
complex contexts and long textual expressions, resulting in incoherent semantic expres-
sions and loose logical relationships. Additionally, reliance on predefined rules and limited
domain knowledge hinders their ability to capture fine-grained semantic distinctions and
cross-task dependencies, making them inadequate for dynamic linguistic environments and
nested complex semantics. To resolve these limitations, our method introduces ChatGPT
for preprocessing raw text. This approach fully leverages large language models’ deep
semantic understanding and open-domain knowledge to comprehensively optimize text
semantics at the preprocessing stage, thereby providing more precise and coherent inputs
for subsequent joint modeling while significantly enhancing the system’s generalization
capability and overall performance in complex scenarios [10,11].

Experiments conducted on two public multi-intent utterance datasets demonstrate that
our method achieves markedly superior overall utterance accuracy compared to previous
state-of-the-art models.

2. Related Work. In the field of SLU, research on joint modeling of intent detection
and slot filling has undergone continuous technological evolution. In early work, Liu and
Lane [12] pioneered the integration of attention mechanisms into recurrent neural network
(RNN) architectures to explore the enhancement of explicit alignment information for slot
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filling tasks. Subsequently, Goo et al. [13] proposed the slot-gated mechanism, establish-
ing a new paradigm for guiding slot prediction with intent information. Li et al. [14] and E
et al. [15] further improved joint model performance by refining feature interaction meth-
ods. Addressing the pervasive challenge of multi-intent scenarios in real-world dialogues,
Kim et al. [16] first developed a multi-intent SLU system, while Gangadharaiah [3] in-
novatively implemented joint multi-intent detection and slot prediction through slot-gate
mechanism. Their study on Amazon internal data revealed that 52% of dialogues involve
multiple intents, underscoring the research significance of this direction.

During technological advancements, Wang et al. [17] broke the unidirectional guidance
paradigm by constructing a bidirectional attention interaction module to enable mutual
information transfer between intents and slots. Zhang et al. [18] addressed the long-range
dependency limitations of RNN by introducing graph neural network (GNN) to joint
modeling tasks for the first time. The Qin’s team [4] proposed an adaptive graph interac-
tion framework based on GAT in 2020 to achieve fine-grained multi-intent feature fusion,
and further developed a non-autoregressive global-local graph network in 2021 [5], signifi-
cantly enhancing model efficiency through parallel decoding. Recent studies demonstrate
diversified breakthroughs: Chen et al. [19] and Chen et al. [20] reformulated multi-intent
detection as a weakly supervised task and designed a self-distillation mechanism for itera-
tive optimization; Song et al. [21] constructed a global graph model to capture intent-slot
co-occurrence relationships; Cheng et al. [22] proposed the SSRAN model, employing a
span-sensitive attention network to mitigate error propagation. Progress has also been
made in dialect processing, with Abboud and Oz [23] generating synthetic training data
for German and Arabic dialects via masked language modeling, while Joshi et al. [24] sys-
tematically outlining a framework for dialect natural language processing (NLP) research.

This work builds upon and extends the aforementioned technical framework by con-
structing a dual-interaction graph structure and applying a graph attention network to
achieving deep mutual guidance between intent and slot tasks. Additionally, it incor-
porates the large language model ChatGPT to transcend the limitations of traditional
methods in semantic representation. Experimental results demonstrate that this approach
significantly improves the overall performance of intent recognition and slot filling.

3. Methodology.

3.1. Problem definition. Given an input utterance U = [uy,us, ..., u,|, where n de-
notes the utterance length, the joint multi-intent detection and slot filling task comprises
two subtasks: 1) Multi-intent detection is defined as a multi-label classification task aim-
ing to predict multiple intent labels O; = [o},0%,...,0"] corresponding to the input
utterance, where m represents the number of output intent labels; 2) Slot filling is defined
as a sequence labeling task that assigns the corresponding slot label to each word u; in the
input utterance, outputting the slot label sequence Og = [0}, 02, ..., 0"]. To enhance inter-
task correlations, we propose an intent-slot bidirectional interaction model, as illustrated
in Figure 2. The framework consists of four key components: 1) Utterance encoder; 2)
Bidirectional interactive graph attention network for modeling intent-slot dependencies;
3) Independent decoders for intent detection and slot filling; 4) ChatGPT integration to
handle complex multi-intent and contextual dependency scenarios, significantly boosting
overall task performance through tight coupling with the core model. Under a joint train-
ing strategy, the model simultaneously optimizes both intent detection and slot filling
tasks, thereby enhancing the holistic performance of spoken language understanding.

3.2. Utterance encoder. Following Qin et al. [4] and Qin et al. [5], to obtain semantic
representations of input utterances, we employ a task-shared and task-specific encoder
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F1GURE 2. The architecture of our proposed approach

framework. First, the task-shared encoder captures global contextual information of the
input utterance through a bidirectional LSTM (BiLSTM) and self-attention mechanisms.
Specifically, the BILSTM models dependencies by processing the input sequence in both
forward and backward directions:

hi B BILSTM([E“ hi—b hi—H) (1)

Generate context-sensitive hidden states H = {h;};_,, where z; is the word embedding
vector of u;.

Subsequently, the self-attention mechanism applies distinct linear projections to the
word vector matrix of the input utterance, generating Query (@), Key (K), and Value
(V') matrices to capture global dependency relationships:

-

C = softmax <QL> Vv (2)
vy,

Output the contextual representation C. Finally, concatenate the outputs of the BiLSTM

and self-attention to obtain the task-shared encoded representation £ = H||C.

In the task-specific encoder, we separately model the task-shared representation F using
an intent-aware BiLSTM and a slot-aware BiLSTM. For intent detection, F is input into
the intent-aware BiLSTM to generate the task-specific intent representation E1"*¢"; for
slot filling, the slot-aware BiLSTM outputs the task-specific slot representation £, By
combining task-shared and task-specific approaches, the model can effectively capture
contextual features of both intents and slots, strengthen the correlations between tasks,
thereby enhancing the performance of joint intent detection and slot filling.

3.3. Intent-slot graph interaction layer. The proposed intent-slot graph interaction
layer is built upon a GAT to establish a bidirectional information interaction mechanism.
It dynamically associates multi-intent and slot information to enable collaborative rea-
soning. Specifically, the model leverages the masked self-attention layer of GAT to deeply
integrate graph structural information with node features, allowing each node to adaptive-
ly learn the importance weights of its neighboring nodes and automatically capture local
semantic associations. Given a graph structure with N nodes, a one-layer GAT takes the
initial node feature set Z = {21, 22,..., 2} (zn € RF ) as input and generates more ab-

stract representations 2’ = {z{, 2},...,2,} (2, € RF /) through an attention mechanism.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.6, 2025 1587

The attention mechanism of GAT can be summarized as follows:

f(zi,2j) = LeakyReLU (a' [W.2]|W.2;]) (3)
ZZ/ =0 (Z aiszZ]’> (4)
JEN;

e (ny)
IS w0 ([ 2)

where N; is the first-order neighbors of node 4 (including i) in the graph, W, € R *F
and a € R*" is the trainable weight matrix, a;; is the normalized attention weight and o
represents the nonlinearity activation function.

The bidirectional interaction layer between intents and semantic slots based on the
graph attention network constructed in Figure 2 is specifically illustrated in Figure 3
and Figure 4. This layer achieves deep collaborative modeling between intents and slots,
enabling dynamically associated predictions of multi-intent labels and semantic slot nod-
es through graph structures. Specifically, in Figure 3, the nodes include slot label nod-
es (51, S2) from the slot decoder and intent semantic nodes (77, 7) from the BiLSTM. Their
interactions are reflected through the edge relationships in the graph. The connections in
the graph include 1) Connections between slot label nodes: The bidirectional connections
between S; and S5 represent relationships between slot label nodes. These connections
reflect mutual dependencies among slot labels and enhance contextual associations be-
tween slot labels through the graph structure, particularly in multi-slot annotation tasks,
enabling the capture of dependencies between slots. 2) Connections between intent seman-
tic nodes: The bidirectional connections between | and ¢, indicate associations between
intent semantic nodes. Through these connections, the model can model potential de-
pendencies between different intent semantics and improve the accuracy of multi-intent
recognition via the information propagation mechanism of the graph structure. 3) Con-
nections between intent semantic nodes and slot label nodes: The bidirectional edges
between Sy, Sy and 7}, i, represent associations between intent semantic nodes and slot
label nodes. Through these connections, the graph structure enables cross-task interac-
tions between intent information and slot labels, capturing potential associations between
intent semantics and slot labels. This further enhances the collaborative effects between
intent detection and slot filling tasks.

FIGURE 3. Slot-Intent interaction graph

The nodes in Figure 4 include intent label nodes (I3, I5) from the intent decoder and
slot semantic nodes (s, s5) from the BiLSTM output. Three primary edge connections
exist in the graph: 1) Connections between intent label nodes: The edge between I; and
I, represents relationships between intent label nodes. Their interconnections through
the graph structure model potential associations between multiple intent labels within
the same sentence. 2) Connections between slot semantic nodes: The edge between s



1588 S. CHEN, X. LI, J. WANG AND Y. ZHANG

FIGURE 4. Intent-Slot interaction graph

and s, indicates associations between slot semantic nodes. These connections enhance
semantic coherence in slot filling tasks and help capture local contextual dependencies. 3)
Connections between intent label nodes and slot semantic nodes: The bidirectional edges
between [, I, and s}, s}, represent cross-task interactions between intent label nodes and
slot semantic nodes. Through the graph structure, these connections propagate intent
information and slot information, further strengthening the semantic associations between
intents and slots.

These connections collectively form a collaborative modeling framework for multi-intent
and multi-slot tasks, effectively enabling information interaction and dependency model-
ing between intents and slots.

3.4. Joint training. This paper employs joint training to optimize and update the pa-
rameters of the two tasks of intent detection and slot filling. The formula for joint training
is

n Np

L2 =33 (59 10g (57) + (1= 90 ) 10g (1= 47)) (6)

i=1 j=1

n Ng
L2 =330 10g (3°) (7)

i=1 j=1

where g)l(j’l) and g}lgj’s) are the ground truth labels for intent and slots, respectively, Ny is

the number of intent labels, Ng is the number of slot labels, n is the number of words in
the utterance, and the final joint loss formula is

L=aL+(1-a)l (8)

where « is a hyperparameter, and the joint loss function can jointly optimize the two
tasks to further reduce the error.

3.5. ChatGPT. This paper introduces a preprocessing module based on ChatGPT be-
fore the Shared Self-Attentive Encoder, utilizing the global semantic understanding ca-
pability of generative language models to clean, semantically normalize, and supplement
potential information in the original input text, making it more suitable for subsequent
intent recognition and slot filling tasks. Its workflow can be divided into the following two
stages.

1. Text preprocessing and semantic context construction. In this stage, the system in-
teracts the raw sentences with pre-set prompts, the content of which is “You are an expert
in the field of spoken language understanding. Please do not add or remove punctuation
marks or words. Without changing the order and number of words, correct the spelling
in the following sentences and optimize colloquial words into more formal written expres-
sions to make them clear in expression and grammatically correct for intent recognition
and slot filling tasks”. This prompt enforces the following strict constraints: ChatGPT
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is prohibited from adding new words or removing existing ones, preserving the original
sentence structure and information boundary. The sequence and total count of words
remain unchanged, preventing unintended semantic drift. Under these constraints, the
objectives of preprocessing include 1) Grammar and format adjustment: Automatically
correct grammatical errors, irregular capitalization, tense confusion, etc., in the original
sentences. 2) Removal of colloquial expressions: Optimize colloquial words in sentences to
transform them into more formal written expressions. For example, change “talk, show,
try” to more formal written forms such as “discuss, demonstrate, attempt”. 3) Vocabu-
lary and expression optimization: Refine vocabulary and clarify semantics for phenomena
such as mixed use of synonyms and ambiguous expressions, ensuring that key intents and
slot information are straightforward and easy to understand. 4) Potential information
mining: Infer potentially overlooked implicit information based on the context without
altering the original sentence structure, and apply it to text preprocessing to enhance the
subsequent model’s ability to parse semantics.

For example, the original sentence is “i gotta get the info and fix the bug before the
meeting”. After preprocessing by ChatGPT, the output is “I need get the information and
fix the bug before the meeting”. The advantages of this operation are as follows: eliminat-
ing colloquial expressions by replacing the colloquial “gotta” with the more formal written
expression “need”, making the sentence clearer; completing abbreviations by expanding
“info” to “information”, avoiding ambiguity and improving the model’s parsability; im-
proving capitalization by changing the lowercase “i” to uppercase “I” to conform to the
norms of written language; without adding or deleting words, ensuring that the sentence
is semantically more refined and the implied task information is more intuitive through
vocabulary substitution and format adjustment.

2. Interactive semantic optimization and API invocation. By invoking the GPT-4 mod-
el API from OpenAl, ChatGPT performs grammar correction, expression refinement, and
semantic completion on the input sentences according to the prompts, and the processed
results are used as inputs for subsequent joint modeling. To ensure the stability of the
overall process, the system has been extended and optimized in implementation. When
invoking the API, if access failures or network anomalies occur, the system will auto-
matically retry up to 5 times, with the waiting time increasing incrementally (e.g., 10
seconds for the first attempt, 20 seconds for the second, and 30 seconds for the third).
This approach allows rapid recovery from temporary network fluctuations while avoiding
resource waste caused by frequent retries. If multiple consecutive calls fail, the system
triggers a circuit-breaking strategy, temporarily suspending calls to ChatGPT to prevent
more severe failures or API rate limiting caused by frequent invalid requests. In addition,
if the problem of connection difficulties is encountered, the difficulty of system integration
can be reduced through offline batch preprocessing. The corpus can be pre-processed and
the results cached to avoid real-time dependence on external services during the training
stage.

This design fully leverages ChatGPT’s strengths in cross-domain knowledge and deep
semantic understanding during the preprocessing stage, providing more coherent and
precise input expressions for subsequent multi-intent recognition and slot filling. It effec-
tively reduces the risk of intent-slot conflicts caused by complex contexts and significantly
enhances the system’s generalization capability and overall performance in complex sce-
narios.
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4. Experiments.

4.1. Datasets and metrics. This study conducts experimental validation on two pub-
licly available multi-intent utterance datasets, MixATIS and MixSNIPS [5,25,26]. The
MixATIS dataset contains 13,162 training sentences, 756 validation sentences, and 828
test sentences; the MixSNIPS dataset contains 39,776 training sentences, 2,198 validation
sentences, and 2,199 test sentences. In terms of evaluation metrics, this study follows the
practices of previous research: using Slot F1 as the evaluation metric for the slot filling
task, intent ACC as the evaluation metric for the multi-intent recognition task, and over-
all ACC as the evaluation metric for sentence-level semantic frame parsing. Among these,
overall ACC measures the proportion of sentences in which both the intent and semantic
slots are correctly predicted. The formula for calculating accuracy is as follows:

e TP+ TN )
“T TPYTN¥ FP+FN

where TP is the true positive, F'P is the false positive, FN is the false negative, and TN
is the true negative.

The F1 score is the harmonic mean of precision and recall. Precision (P) is the ratio
of true positives to the number of samples predicted as positive, and recall (R) is the
ratio of true positives to the number of samples that are actually positive. The specific
calculation formulas for precision, recall, and F1 score are as follows:

TP
P=— 1
TP+ FP (10)
TP an

~ TP+ FN

2x Px R
Fl="-" "= 12
P+ R (12)

4.2. Experimental settings. In our experiments, the word embedding and hidden state
are 256 in all datasets. The training batch size was set to 16, and the number of layers for
all graph neural networks was set to 2. We used the Adam [27] optimizer for model training
with a learning rate of 1e-3 and a weight decay of le-5. During training, we selected the
model that performed best on the development set and reported its performance on the
test set. All experiments were conducted on an RTX 4090.

4.3. Baselines. We compared our model with the following baselines.

1) Stack-Propagation (Qin et al.) [28]: A joint model that proposes Stack-Propagation
to capture intent semantic knowledge and perform token-level intent detection to further
alleviate error propagation.

2) Joint Multiple ID-SF (Gangadharaiah) [3]: Employs a multi-task framework with a
slot-gated mechanism for multi-intent recognition and slot filling.

3) AGIF (Qin et al.) [4]: Proposes an adaptive graph-interactive framework for joint
multi-intent recognition and semantic slot filling, which extracts intent information for
token-level slot filling.

4) GL-GIN (Qin et al.) [5]: Introduces a non-autoregressive method for joint multi-
intent recognition and semantic slot filling, speeding up the model’s decoding time and
addressing the issue of incoherent semantic slots caused by non-autoregressive methods
using local interaction graphs for semantic slots.

5) GISCo (Song et al.) [21]: A semantic understanding model based on constructing
co-occurrence graphs from the entire corpus, achieving cross-task knowledge transfer by
modeling the co-occurrence frequency relationship between semantic slots and intents.
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6) SSRAN (Cheng et al.) [22]: Designs a Scope-Sensitive Result Attention Network
based on the Transformer architecture, aiming to alleviate error propagation by capturing
bidirectional interactions among results.

The details are shown in Table 1.

TABLE 1. Results comparison

MixATIS MixSNIPS
Model Intent Slot Overall  Intent Slot Overall
(Acc/%) (F1/%) (Acc/%) (Ace/%) (F1/%) (Ace/%)
Stack-Propagation 72.1 87.8 40.1 96.0 94.2 72.9
Joint Multiple ID-SF 73.4 84.6 36.1 95.1 90.6 62.9
AGIF 74.4 86.7 40.8 95.1 94.2 74.2
GL-GIN 76.3 88.3 43.5 95.6 94.9 75.4
GISCo 75.0 88.5 48.2 95.5 95.0 75.9
SSRAN 77.9 89.4 48.9 98.4 95.8 77.5
Ours 78.4 89.6 49.9 98.6 96.2 78.3

4.4. Main results. This study proposes a joint modeling framework integrating graph
attention networks and the large language model ChatGPT for multi-intent spoken lan-
guage understanding tasks. Experimental results demonstrate that the proposed frame-
work achieves significant performance improvements on both the MixATIS and MixSNIPS
datasets. Specifically, on the MixATIS dataset, our model outperforms the baseline model
SSRAN by 1.0%; on the MixSNIPS dataset, the improvement reaches 0.8%. These perfor-
mance gains are attributed to three key innovations. First, the introduction of ChatGPT
for comprehensive semantic optimization of raw text during preprocessing effectively en-
hances fine-grained intent recognition capabilities, particularly in resolving ambiguities
between easily confused intents such as “Flight” and “Aircraft” in the aviation domain.
ChatGPT injects domain-implicit knowledge to significantly improve the discriminabili-
ty of semantic representations, addressing ambiguity issues in intent recognition caused
by limited rules and domain knowledge in traditional methods. Second, the proposed
bidirectional interaction mechanism between intents and semantic slots based on graph
attention networks breaks through the limitations of traditional modeling. By modeling
multi-type associations between intent nodes and slot nodes, the framework achieves a
1.0% overall accuracy improvement over the best baseline on the MixATIS dataset, vali-
dating the superiority of bidirectional interaction in multi-task collaboration. Third, the
framework combines the bidirectional interaction mechanism with ChatGPT preprocess-
ing, fully leveraging their synergistic advantages. Compared to unidirectional intent-to-slot
guidance methods, the fusion of bidirectional interaction and ChatGPT not only leverages
ChatGPT’s deep semantic optimization of complex contexts during preprocessing but also
utilizes global statistical priors captured by graph attention networks to effectively resolve
ambiguity caused by similar labels in the aviation domain, thereby achieving greater gains
in multi-intent detection tasks. These results validate the effectiveness of the bidirection-
al task-guidance mechanism and semantic enhancement strategies, and also demonstrate
that the deep integration of large language models and traditional graph neural networks
opens new possibilities for multi-intent understanding tasks.

4.5. Model analysis.

4.5.1. Ablation test. To study the effectiveness of each component in the model, we con-
ducted ablation experiments on the MixATIS and MixSNIPS datasets.
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Effectiveness of the ChatGPT module: To validate the critical role of the large language
model ChatGPT in multi-intent joint modeling, this study systematically conducted ab-
lation experiments on the MixATIS and MixSNIPS datasets. Specifically, we removed
the ChatGPT preprocessing module from the framework and retained only the graph
attention network for intent-slot interaction modeling (denoted as w/o ChatGPT). The
experimental results are shown in Table 2. The data indicates that removing the ChatGPT
module caused a drop in overall accuracy of 1.6% and 1.3% on the MixATIS and Mix-
SNIPS datasets, respectively. This performance decline demonstrates that the finegrained
semantic understanding provided by ChatGPT is an indispensable core component of the
framework. Firstly, after removing ChatGPT, the global semantic consistency capture is
insufficient. Graph attention networks are mainly good at mining the local structural rela-
tionships between nodes, but it is difficult to maintain the overall coherence and thematic
consistency of discourse on a larger scale. The lack of a global information dissemination
mechanism spanning multi-hop nodes makes it impossible to fully model the semantic
connections of complex sentence patterns or long-distance dependencies. Secondly, the
introduction of tacit knowledge and rules is limited. Pure graph models rely on explic-
it node and edge definitions. For intermediate tacit associations that do not appear or
appear sparsely in the training set, such as industry term rules and common sense rea-
soning chains, they cannot be known, resulting in insufficient capture of subtle semantic
differences, professional background information, and common sense constraints. Finally,
the preprocessing module can dynamically adjust the input representation, introduce ex-
ternal knowledge or perform disambiguation according to the context. However, the pure
graph model has fixed parameters during reasoning and lacks flexible coping strategies
for the immediate changes of semantic combination patterns and sudden polysemous and
ambiguous structures in the context, resulting in an increase in decision noise. To sum up,
after removing the preprocessing module, the limitations of the graph attention network
in handling global semantic coherence, tacit knowledge injection, cross-domain rule trans-
fer, and dynamic context adaptation have become the main reasons for the performance
degradation.

TABLE 2. Ablation results

MixATIS MixSNIPS
Model Intent Slot Overall  Intent Slot Overall
(Ace/%) (F1/%) (Ace/%) (Ace/%) (F1/%) (Ace/%)
w/o Slot to Intent 76.9 88.6 47.2 97.7 95.5 77.2
w/o Intent to Slot 77.3 88.8 47.7 98.2 95.8 77.5
w/o ChatGPT 77.6 88.9 48.3 97.9 95.7 77.0
Ours 78.4 89.6 49.9 98.6 96.2 78.3

The effectiveness of the graph attention network-based bidirectional interaction mecha-
nism: To validate the core value of the bidirectional interaction mechanism between intent
and semantic slots based on graph attention networks, this study designs systematic ab-
lation experiments: When removing the information transmission channel from slots to
intents (denoted as w/o Slot to Intent), the model accuracy decreases by 2.7% and 1.1%
on MixATIS and MixSNIPS, respectively; When removing the information transmission
pathway from intent to slot (denoted as w/o Intent to Slot), the model accuracy decreas-
es by 2.2% and 0.8% on MixATIS and MixSNIPS, respectively. This result demonstrates
that intent recognition relies on the entity support provided by slot labels, while slot
labels require dynamic adjustment through the domain knowledge framework formed by
intent prediction. The absence of information flow in either direction of the bidirectional
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interaction mechanism leads to significant performance degradation, and the synergistic
optimization between intents and slots exhibits strong coupling — particularly in multi-
intent scenarios, fine-grained semantics carried by slot labels (such as the flight number
encoding rules in B-flight_number) provide critical supplementary clues for intent recogni-
tion. When the intention prediction fails to obtain these entity priors from the slot labels,
the model’s ability to distinguish complex intentions weakens accordingly. However, the
global constraints at the intention level (such as the strong correlation between the “flight”
intention and slots like airports and flight numbers) effectively enhance the consistency of
slot labels. Once the intention information cannot be fed back to the slots, slot prediction
is prone to semantic drift or conflicts. Without data complementarity in either direction,
the model loses the ability to form a closed loop between explicit semantic prompts and
implicit association reasoning, resulting in the breaking of the strong coupling relation-
ship between the two. The semantics at each level cannot correct each other, and the
overall reasoning efficiency and robustness decline accordingly. To sum up, the absence
of information feedback in either direction will undermine the synergistic gain between
intent and slots, weaken the dual guarantee of explicit entity support and global semantic
constraints, thereby leading to a systematic decline in the performance of intention-slot
joint modeling.

4.5.2. Case study. To further understand how ChatGPT works, we conducted a case
study. When processing the sentence containing “What city is mco, how many first class
flights does united have today and then what’s restriction ap68”, the system first prepro-
cesses the sentence to meet the requirements of intent recognition and slot filling tasks.
Without altering the word order and quantity, the preprocessing result is “What city
is MCO, how many first class flights does United have today and then what’s restric-
tion AP68”. The preprocessed sentence explicitly presents key information: airport code:
MCO, cabin type: first class, airline: United, restriction code: AP68. Due to the existence
of specific encoding rules in the aviation domain, the distinction between slots such as air-
port names, departure locations, and destinations is critically important. In the original
sentence, “AP68” might be misclassified as a generic flight number. This error primarily
stems from predefined rules lacking sufficient domain-specific implicit knowledge, leading
to slot annotation confusion. By introducing ChatGPT for text preprocessing, the system
leverages its implicit knowledge support for the aviation domain to identify that “AP68”
should be recognized as an IATA code for specific restriction clauses in this context. In
our approach, ChatGPT acts as a preprocessor to first perform deep semantic under-
standing and optimization of raw text, addressing the limitations of traditional methods
in capturing fine-grained semantics. By incorporating open-domain knowledge, the model
can not only identify implicit relationships in complex sentences but also effectively parse
nested and lengthy expressions. This improvement not only enhances slot filling accuracy
but also ensures logical coherence between intents and slots.

4.5.3. Comparison of preprocessing effects based on different large language models. To
validate the superiority of using ChatGPT for preprocessing in this study, we also ex-
perimented with preprocessing methods based on other large models, as shown in Fig-
ure 5. Figure 5 demonstrates the accuracy rates achieved by different models in the joint
modeling task of multi-intent recognition and slot filling. It can be observed that Chat-
GPT significantly outperforms DeepSeek and ERNIE Bot in this joint task. This is mainly
attributed to ChatGPT’s reliance on large-scale pretraining corpora and multi-layer atten-
tion mechanisms, which enable higher accuracy in parsing complex nested structures and
long-range dependency relationships. Especially in addressing the “intent-slot segmenta-
tion” issue, its ability to optimize contextual coherence is particularly outstanding, for
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FiGure 5. Comparison of different large language models

example, it can dynamically capture cross-sentence references and implicit logic, thereby
effectively reducing semantic discontinuity. Additionally, ChatGPT’s open-domain knowl-
edge repository and generative architecture allow flexible adaptation to dynamic language
environments. By actively exploring potential semantics rather than relying on static
rules, it effectively compensates for the limitations of traditional methods in fine-grained
ambiguity resolution. Finally, ChatGPT’s end-to-end semantic reorganization during pre-
processing significantly strengthens the implicit associations between intents and slots. In
contrast, DeepSeek and ERNIE Bot exhibit relatively weaker performance in cross-task
feature fusion due to differences in model capacity or training objectives. Experimental
data conclusively demonstrate ChatGPT’s indispensable superiority in handling complex
semantic scenarios.

5. Conclusion. This paper proposes a joint modeling framework based on graph atten-
tion networks and the large language model ChatGPT for multi-intent spoken language
understanding tasks. By constructing a bidirectional interaction mechanism between in-
tents and semantic slots, the model effectively addresses the limitations of unidirectional
guidance in traditional methods, achieving synergistic optimization of multi-intent detec-
tion and slot filling. Specifically, this work innovatively introduces ChatGPT to enhance
dialogue context representation and utilizes graph attention networks to propagate in-
formation on two interaction graphs, fully exploring bidirectional dependencies between
tasks. Experimental results demonstrate that the proposed method achieves outstanding
performance on two public multi-intent datasets, validating the effectiveness of the bidi-
rectional interaction mechanism and the ChatGPT-based semantic enhancement strategy.
Future work will further explore more fine-grained semantic modeling methods to solve
more complex multi-intent scenarios. Meanwhile, more detailed evaluation metrics will
be introduced in the experimental evaluation to more comprehensively reveal the perfor-
mance of the model under different sub-tasks and optimize the computational efficiency;,
so as to promote its practical application in real dialogue systems.
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