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Abstract 

Hybrid approaches for conversational NLU commonly rely on cascading strategies, 
where model selection is performed after inference based on output confidence or uncer-
tainty. Although effective, such post-hoc decision processes introduce redundant compu-
tation and accumulated latency due to sequential model execution. In this paper, we pro-
pose a pre-inference routing framework that selects an appropriate model before execut-
ing any candidate NLU model and without relying on candidate-model confidence or un-
certainty. Instead of relying on output-dependent signals, we model NLU difficulty as a 
multi-dimensional representation of the joint intent recognition and slot extraction task, 
thereby distinguishing the proposed approach from prior post-hoc routing methods that 
rely primarily on confidence or uncertainty. To further reflect real-world dialogue charac-
teristics, we incorporate temporal conversational factors, including contextual depend-
ency and topic transitions. Based on these features, a lightweight routing mechanism effi-
ciently assigns each utterance to an appropriate model from a pool of domain-specialized 
and general-purpose models. Experimental results on single-domain turns show that the 
proposed method maintains competitive Semantic Accuracy while reducing high-capac-
ity model invocation, cost, and latency, thereby improving inference efficiency. These re-
sults demonstrate that input-observable difficulty features can provide a practical basis 
for pre-inference model selection without relying on post-hoc cascading. 

Keywords: natural language understanding; pre-inference routing; NLU difficulty; hybrid 
NLU; model routing; intent recognition; conversational systems; cascading 
 

1. Introduction 
Efficient and accurate Natural Language Understanding (NLU) is essential for de-

ploying real-time task-oriented conversational systems. In such systems, NLU modules 
must reliably identify user intents and extract the slot values required to complete tasks 
across multi-turn dialogues [1,2]. However, real-world user utterances exhibit varying 
levels of difficulty due to factors such as ambiguity, and multi-turn contextual dependen-
cies [3]. Some utterances can be effectively processed by lightweight rules or small lan-
guage models, consistent with prior resource-constrained task-oriented NLU systems that 
employ rule-based components to reduce processing overhead [4]. In contrast, more 
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complex utterances demand stronger semantic reasoning to handle multiple constraints 
and complex dialogue dynamics [5]. Managing this variability without compromising 
computational efficiency remains a critical challenge for practical systems [6]. 

Recent advances in Large Language Models (LLMs) have significantly improved the 
robustness of conversational NLU, particularly for these complex and context-dependent 
cases. However, applying LLMs to all utterances is computationally expensive and intro-
duces substantial latency, making them impractical for real-time systems [7]. In practical 
conversational services, uniformly applying a high-capacity model to every utterance can 
result in unnecessary resource consumption. Commercial language-model APIs may dif-
fer in inference cost by up to two orders of magnitude [8]. The practical importance of 
input-dependent processing is also reflected in industrial conversational NLU. Among 
2550 unique user utterances collected from live logs of Walmart’s e-commerce voice assis-
tant, 40.11% required inter-utterance context for correct intent interpretation. In the same 
study, a BERT-based NLU implementation required approximately 450 ms per query on 
a CPU, whereas a lightweight GloVe-based implementation required approximately 5 ms 
[9]. These findings illustrate that real conversational workloads contain inputs with het-
erogeneous processing requirements and that model choice can substantially affect infer-
ence latency. To address these efficiency and heterogeneity challenges, hybrid NLU archi-
tectures have been proposed that combine lightweight models with high-capacity models 
and selectively invoke more expensive models when necessary [7,10–12]. Most existing 
hybrid NLU architectures rely on cascading, where a smaller model first processes the 
utterance and defers to a larger model when its confidence is low or its uncertainty is high 
[13]. Although cascading can reduce average inference cost relative to LLM-only systems, 
it introduces structural limitations. Post-hoc decision-making, such as cascading, inher-
ently requires at least one model inference and often leads to redundant computation and 
accumulated latency. 

In contrast, we argue that model selection should be performed prior to inference, 
based solely on the characteristics of the input utterance. To address this challenge, we 
propose a NLU difficulty-aware routing framework that estimates utterance complexity 
directly from input-level features. 

Unlike prior work that focuses on output uncertainty or response quality, our ap-
proach models the intrinsic difficulty of NLU tasks. Specifically, we decompose difficulty 
into intent ambiguity, reflecting uncertainty in user goals, and slot-space ambiguity, rep-
resenting the difficulty of extracting structured information. These components are fur-
ther augmented with temporal conversational features, including contextual dependency, 
topic transitions, and topic return patterns, which capture the dynamics of multi-turn di-
alogue. Based on these features, a lightweight routing strategy determines the most suit-
able model from a model pool before inference. In addition, the predicted model level is 
then combined with domain information to dispatch the utterance to an appropriate 
model in a domain-specific expert pool. The experimental results demonstrate that the 
proposed method successfully selects an appropriate model level before inference, achiev-
ing a Semantic Accuracy comparable to that of LLM-only and cascading-based methods 
while significantly reducing LLM invocations, computational cost, and latency. Compar-
isons with multiclass and embedding-based pre-inference routers also showed that the 
proposed method maintained competitive Semantic Accuracy while reducing Total La-
tency relative to the alternative routers. 

The main contributions of this paper are summarized as follows: 

1. We propose a pre-inference routing framework that eliminates cascading by per-
forming model selection prior to execution.  
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2. We introduce an interpretable utterance complexity representation that captures 
task-level ambiguity, including intent ambiguity, slot-space ambiguity, and transac-
tion risk, together with temporal conversational cues and surface-level signals. 

3. We formulate NLU difficulty as an explicit multi-dimensional representation of the 
joint intent recognition and slot extraction task and demonstrate that it can support 
appropriate model selection before inference, reducing computational redundancy 
compared with post-hoc cascading while maintaining competitive Semantic Accu-
racy. 

2. Related Work 
2.1. Hybrid NLU and Model Routing 

To balance performance and efficiency in conversational systems, recent studies have 
explored hybrid architectures that combine lightweight models with large LLMs 
[7,10,11,14]. These approaches aim to reduce computational cost by selectively invoking 
high-capacity models only when necessary. In particular, cascading-based frameworks 
have been widely adopted, where a lightweight model first processes the input and defers 
uncertain or complex cases to more powerful models [5,10,11]. 

Several studies have investigated uncertainty-driven routing strategies. For example, 
softmax-based confidence methods use the maximum probability of the final classification 
layer as a reliability signal for accepting or rejecting the prediction [10]. Similarly, uncer-
tainty-based routing methods estimate prediction uncertainty using techniques such as 
Monte Carlo dropout and use the uncertainty score to decide whether escalation to an 
LLM is required [11]. Recent work has also extended cascading to generative language 
models. Language model cascade frameworks define deferral policies based on token-
level uncertainty, allowing the system to continue generation with a larger model when 
the smaller model becomes uncertain [13]. In dialogue-oriented hybrid systems, Context-
Bridge combines rule-based processing with LLM-based fallback conditions to improve 
intent and dialogue understanding in IVSR scenarios [7]. These studies show that hybrid 
routing can reduce unnecessary LLM usage compared with LLM-only inference. 

However, most of these methods rely on post-hoc output signals, such as confidence, 
uncertainty, or failure conditions. Therefore, the routing decision can only be made after 
at least one model has already been executed. As a result, cascading inherently introduces 
redundant computation and accumulated latency when escalation to higher-capacity 
models is required [6]. 

2.2. Intent Recognition and Slot Filling 

Intent recognition is a fundamental task in task-oriented dialogue systems, aiming to 
identify the user’s goal from an utterance [15,16]. In practical task-oriented NLU, intent 
recognition is closely coupled with slot filling, which extracts structured information re-
quired to complete the task. Modern approaches therefore commonly adopt joint intent 
classification and slot filling models. For example, BERT-based joint models learn shared 
contextual representations for intent classification and slot tagging [17], while Trans-
former- and graph-based models further capture interactions between multiple intents 
and slot labels [18–20]. These studies demonstrate that jointly modeling intent and slot 
information is more suitable for structured NLU than treating the two subtasks inde-
pendently. In real-world applications, successful understanding requires both intent and 
slot predictions to be correct, as reflected in metrics such as Semantic Accuracy [20,21]. 
This observation suggests that the difficulty of NLU tasks cannot be fully captured by 
considering either component independently, motivating the need for joint difficulty 
modeling. 
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2.3. Multi-Turn Dialogue and Contextual Understanding 

In multi-turn dialogue settings, understanding user utterances requires modeling 
contextual dependencies across turns. Prior work has incorporated dialogue history using 
techniques such as sliding window context tracking, cross-encoder representations, and 
retrieval-based methods [22]. These approaches improve intent prediction by capturing 
semantic similarity and contextual relevance between utterances. 

However, these existing approaches primarily focus on enhancing representation 
learning for prediction tasks, rather than explicitly modeling how contextual factors affect 
the difficulty of NLU. In particular, conversational phenomena such as deixis, topic shifts, 
and topic returns introduce ambiguity that cannot be resolved from a single utterance 
alone. 

2.4. Limitations of Existing Model Routing Strategies 

Although prior studies have made significant progress in hybrid routing and conver-
sational NLU, they exhibit several limitations. First, most routing strategies rely on out-
put-dependent signals such as confidence or uncertainty, which require at least one model 
inference and lead to additional computational overhead. Second, cascading-based frame-
works introduce sequential dependencies between models, resulting in accumulated la-
tency and redundant inference cost. Third, existing approaches do not explicitly model 
the intrinsic difficulty of NLU tasks, particularly in terms of the joint difficulty of intent 
recognition and slot filling. Finally, while contextual information is often used to improve 
prediction performance, its role in determining routing decisions remains underexplored.  

To address these limitations, we propose an NLU difficulty-aware routing frame-
work that performs model selection prior to inference. Unlike existing methods, our ap-
proach estimates utterance complexity directly from input-level features, without relying 
on their output confidence or uncertainty. Furthermore, we introduce a fine-grained dif-
ficulty modeling scheme that jointly considers intent ambiguity and slot-space ambiguity, 
and incorporates temporal conversational features to capture multi-turn dynamics. Table 
1 presents a comparison of existing hybrid routing, Dialogue NLU routing, and LLM rout-
ing approaches and the proposed method. Most hybrid routing methods [7,10,11,13] are 
based on cascading, in which model selection is performed after inference using output-
dependent signals such as confidence or uncertainty. As a result, these methods incur ac-
cumulated cost and latency whenever escalation to a higher-capacity model is required. 
Although context-aware dialogue models [5] can exploit pre-inference information, their 
routing signals are typically based on dense representations, such as embedding similar-
ity. Such cues are useful for context modeling or prediction support, but they do not ex-
plicitly capture the task-level complexity of NLU, including intent ambiguity, slot-space 
ambiguity, and dialogue-state-dependent semantic constraints. Recent studies have also 
investigated cost-aware routing and model selection for LLM-based systems. FrugalGPT 
[8] reduces inference cost by selecting or cascading among multiple LLMs, while 
RouteLLM [23] learns to route queries between weaker and stronger LLMs based on ex-
pected response quality and cost. However, these studies mainly focus on LLM-to-LLM 
routing for general-purpose generation tasks. In contrast, our work addresses difficulty-
aware routing for task-oriented dialogue NLU, where real-world user utterances exhibit 
different levels of intent ambiguity, slot complexity, and contextual dependency. More 
specifically, unlike FrugalGPT, which relies on post-hoc cascading among LLMs, and 
RouteLLM, which does not explicitly model intent- and slot-level difficulty, the proposed 
framework performs pre-inference routing across heterogeneous model levels, including 
LLMs, using NLU-specific difficulty signals. The proposed router estimates NLU task dif-
ficulty before executing candidate models and assigns utterances to appropriate levels 
within a heterogeneous pool of rule-based components, fine-tuned encoders, and an LLM 
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under a Semantic Accuracy criterion. To support this decision, it explicitly models task-
specific NLU difficulty using intent ambiguity, slot-space ambiguity, transaction risk, con-
textual and temporal dependencies, and surface-level characteristics. These dimensions 
are more directly interpretable than embedding-based representations, allowing the rout-
ing rationale to be examined in terms of identifiable NLU difficulty factors. 

Table 1. Comparison of Conversational NLU Routing Approaches and the Proposed Method. 

Category Approach Decision Signal Decision  
Timing 

Multi-Turn 
Context 

Cascading Key Limitation 

Hybrid 
Routing 

Cascading-based [10] 
Softmax Confi-

dence Score Post-inference No Yes 
Redundant computation, 

latency accumulation 
Uncertainty-based routing 

(MC Dropout, Softmax) 
[11] 

Uncertainty Post-inference No Yes Requires model execu-
tion for decision 

LM Cascade [13] Token-level Un-
certainty 

Post-inference No Yes Sequential dependency 
and inference overhead 

ContextBridge [7] 
Rule + failure 

condition Post-inference Partial Yes 
Rule-dependent  
context handling 

Dialogue 
Systems Context-aware Models [5] 

Embedding Simi-
larity Pre-inference Yes No 

No fine-grained  
difficulty modeling 

LLM  
Routing 

FrugalGPT [8] Output quality  
scoring Post-inference No Yes 

Cascading overhead, No 
NLU-specific  

difficulty modeling 

RouteLLM [23] 

Learned prefer-
ence/ 

quality-cost pre-
dictor 

Pre-inference No No 

Query-level routing 
only,  

No intent/slot-level diffi-
culty modeling 

Ours Proposed Method 

NLU  
difficulty  

(Intent + Slot + 
Context) 

Pre-inference Yes No 
Depends on feature 

quality of complexity 
representation 

2.5. Utterance Difficulty Estimation for NLU 

Estimating the difficulty of an input utterance is important for efficient model selec-
tion in task-oriented NLU. Existing approaches commonly rely on model confidence, un-
certainty, or embedding-based similarity to identify difficult inputs. Confidence- and un-
certainty-based methods can indicate whether a model is likely to fail, but they require 
the model to be executed before the difficulty signal becomes available [7,10,11,13]. Em-
bedding-based routing methods can estimate semantic distance or distributional novelty 
before inference [5,23], but they often represent difficulty through a single similarity-
based signal. 

However, utterance difficulty in task-oriented NLU is difficult to determine by se-
mantic distance alone. It is also affected by task-specific ambiguity, such as intent ambi-
guity and slot-space ambiguity, as well as multi-turn conversational phenomena, includ-
ing deixis, contextual similarity, and topic return [14,24–26]. These factors are particularly 
important because NLU requires joint intent and slot prediction under dialogue context. 
Despite this, relatively few studies have directly quantified task-level difficulty with re-
spect to intent and slot prediction, and utterance difficulty in this context has largely been 
inferred indirectly through downstream signals such as model confidence or embedding 
similarity, rather than through task-specific NLU difficulty factors. 



Electronics 2026, 15, 3420 6 of 36 
 

https://doi.org/10.3390/electronics15153420 

Therefore, this study adopts an eight-dimensional input-observable difficulty repre-
sentation that combines task-level, contextual, and surface-level signals. Unlike ap-
proaches that approximate difficulty using a single dominant signal, the proposed repre-
sentation explicitly fuses intent-related, slot-related, lexical, and dialogue-history features 
before executing candidate NLU models. 

3. Pre-Inference NLU Difficulty-Aware Routing 
Conventional cascading performs routing only after a preceding model has already 

been executed. As a result, the routing decision depends on post-hoc model outputs and 
may introduce redundant inference when escalation is required. In contrast, the proposed 
framework makes the routing decision before any NLU model execution. Given a user 
utterance and its dialogue context, the framework extracts input-observable complexity 
signals and predicts the model level required for joint intent and slot prediction.  

In this study, we present a pre-inference NLU-aware routing approach for conversa-
tional expert systems. The proposed method aims to efficiently select an appropriate 
model for each user utterance prior to model execution, thereby avoiding the limitations 
of cascading-based approaches. Specifically, we estimate the complexity of an utterance 
directly from input-level features, without executing candidate NLU models or relying on 
their output confidence or uncertainty. The estimated complexity reflects the joint diffi-
culty of intent recognition and slot filling, as well as contextual dependencies in multi-
turn dialogue. Based on this complexity, a routing decision is made to assign the utterance 
to a suitable model from a heterogeneous model pool. This design enables efficient and 
accurate natural language understanding while reducing computational cost and latency 
in real-time conversational systems. 

The proposed method consists of three components: (1) a multi-dimensional NLU 
difficulty estimation feature that quantifies utterance complexity from input-level features 
prior to model execution; (2) a lightweight router that maps the estimated complexity vec-
tor to an appropriate model level; and (3) a heterogeneous model pool spanning capability 
levels. We define NLU difficulty as the likelihood of incorrect joint prediction of intent 
and slots under lightweight inference conditions. Figure 1 shows that the proposed frame-
work estimates NLU difficulty directly from the input utterance and dialogue context us-
ing lightweight features, including intent ambiguity, slot-space ambiguity, and temporal 
conversational characteristics. Based on the estimated difficulty, a routing decision is 
made prior to model inference, selecting the most appropriate model from a heterogene-
ous model pool. 
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Figure 1. Overview of the Proposed NLU Difficulty-aware Pre-inference Routing. 

3.1. Pre-Inference NLU Difficulty Representation 

Since the routing decision must be made before model execution, we approximate 
this complexity using input-observable signals extracted from the utterance and its dia-
logue context. This representation serves as the evidence available to the router in the pre-
inference setting, replacing output-dependent signals such as confidence or uncertainty 
used in cascading methods. 

The proposed representation consists of three groups of signals. Task-level complex-
ity captures the semantic burden directly associated with intent and slot prediction. Con-
textual complexity captures dependency on dialogue history and non-local conversational 
flow. Surface-level indicators provide additional lightweight lexical cues directly observ-
able from the utterance. Table 2 summarizes the features used in each group. 

Table 2. Definition of Utterance Complexity Features for Model-level Routing. 

Complexity Description Feature (Alias) 

Task-level 
Task-level signals reflecting the difficulty of the NLU task, where 
a larger set of candidate intents and slots increases the difficulty 
of correctly identifying and extracting structured information. 

Intent Ambiguity (IntentAmb) 
SlotSpace Ambiguity (SlotSpaceAmb) 

Transaction Risk (Risk) 

Contextual 
A measure of the degree to which the understanding of the cur-
rent utterance relies on dialogue history beyond the utterance it-

self. 

Deixis (Deixis) 
Topic Return (TopicReturn) 
Contextual Similarity (Sim) 

Surface-level 
Surface-level signals capture lexical and syntactic difficulty sig-

nals that are directly observable from the current utterance, with-
out requiring dialogue history. 

Utterance Length (Len) 

Negation (Neg) 
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We employ eight input-level features to construct a unified representation of NLU 
difficulty. Given a user utterance u, its domain d, and dialogue context c, the routing input 
vector is defined by concatenating task-level, contextual, and surface-level feature vectors 
as follows: 𝑿 = ሾ𝒙୘ୟୱ୩;𝒙େ୭୬୲ୣ୶୲୳ୟ୪;𝒙ୗ୳୰୤ୟୡୣሿ ∈ ℝ଼, 

where 𝒙୘ୟୱ୩ = ൫IntentAmbሺ𝑢ሻ, SlotSpaceAmbሺ𝑢,𝑑ሻ, Riskሺ𝑢ሻ൯, 𝒙େ୭୬୲ୣ୶୲୳ୟ୪ = ൫Deixisሺ𝑢ሻ, Simሺ𝑢, 𝑐ሻ, TopicReturnሺ𝑢, 𝑐ሻ൯, 𝒙ୗ୳୰୤ୟୡୣ = ൫Lenሺ𝑢ሻ, Negሺ𝑢ሻ൯ 
(1) 

The resulting feature vector 𝑿 is used as the input to the routing model: 𝑙መ = 𝑓୰୭୳୲ୣ୰(𝒙)   (2)

where 𝑙መ denotes the predicted model level for utterance u. 

3.1.1. Task-Level Complexity 

Task-level complexity captures task-related factors that affect the reliability and con-
sequence of NLU predictions. In task-oriented dialogue, the system must identify the 
user’s intent and extract the slot values required to execute the corresponding task. Intent 
ambiguity occurs when an utterance contains cues associated with multiple plausible in-
tents, whereas slot-space ambiguity increases when several slot values or constraints must 
be identified and assigned correctly within a single utterance. In addition, some utterances 
involve transaction-related operations, such as booking, changing, or cancelling a reser-
vation. Errors in these operations may directly alter the dialogue state or lead to an unin-
tended system action, whereas errors in information-seeking requests are more likely to 
result in an incorrect recommendation or response. Accordingly, we represent task-level 
complexity using three signals: intent ambiguity, slot-space ambiguity, and transaction 
risk. 

Intent Ambiguity (IntentAmb) 

Ambiguity captures the degree to which surface-level lexical cues in an utterance ac-
tivate multiple intent candidates within a domain. Even when the domain is correctly 
identified, multiple intent candidates may exist within that domain, increasing the diffi-
culty of intent classification. For example, in the hotel domain, an utterance such as “I 
need a hotel” clearly corresponds to a single intent (find_hotel), whereas “yes, I am look-
ing for a hotel in a moderate price range with 2 stars and I will need to book 5 people for 
4 nights” contains lexical cues associated with both ‘find_hotel’ and ‘book_hotel’. In this 
case, the utterance partially shares surface-level expressions with the find_hotel intent 
while simultaneously including booking-related cues resulting in the activation of multi-
ple intent candidates. Such simultaneous activation makes intent classification more dif-
ficult because the model must distinguish between competing intent labels that share sim-
ilar lexical evidence [12,27]. 

To measure this surface-level intent ambiguity, the utterance is matched against a 
keyword-based schema to identify intent candidates within each domain. For each do-
main d, the number of activated intent candidates is counted, and the largest candidate 
count across domains is used to compute the Intent Ambiguity as follows: IntentAmb(𝑢) = ቐ 0            𝑖𝑓 𝑀୧୬୲୰ୟ(𝑢)  ≤ 11 − 1𝑀୧୬୲୰ୟ(𝑢)   𝑖𝑓 𝑀୧୬୲୰ୟ(𝑢)  ≥ 2 (3)

The Mintra is then defined as:  𝑀୧୬୲୰ୟ(𝑢) = maxௗ∈஽ ∣ Intentsௗ(𝑢) ∣ (4)
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where D is the set of all domains. This formulation assigns zero ambiguity when a single 
intent is clearly identified and increases as the number of competing intent candidates 
grows within a domain. Since the main experiments are conducted under an oracle-do-
main setting, this feature focuses on intra-domain ambiguity rather than inter-domain 
ambiguity. 

Slot Space Ambiguity (SlotSpaceAmb) 

Slot Space Ambiguity (SlotSpaceAmb) captures the difficulty of extracting multiple 
slot values that are simultaneously expressed within a single utterance. In task-oriented 
dialogue, users often provide several constraints at once, requiring the system to identify 
and correctly extract multiple slot-value pairs in a single step. As the number of such con-
straints increases, the extraction task becomes more challenging due to the increased risk 
of omission, misalignment, or incorrect assignment [28,29]. For example, the utterance “I 
need a cheap Italian restaurant in the centre and book it for 4 people at 19:00 on Friday” 
contains multiple slot constraints, including price range, food, area, number of people, 
time, and day. In such cases, multiple slot values are activated simultaneously from sur-
face-level lexical cues, increasing the complexity of accurate slot extraction. 

To quantify this complexity, we measure the proportion of detected slot values rela-
tive to the total number of possible slots within a domain. Specifically, Slot Space Ambi-
guity is defined as: SlotSpaceAmb(𝑢,𝑑) = |DetectedSlots(𝑢,𝑑)||TotalSlots(𝑑)|  (5)

where DetectedSlots(u,d) denotes the set of slot values identified in utterance u, and ∣To-
talSlots(d)∣ is the total number of slots defined for the domain. A higher value indicates 
that more domain-relevant slot values are activated in the current utterance, increasing 
the burden of producing an exact slot-value set. While IntentAmb reflects ambiguity in 
selecting the correct intent, SlotSpaceAmb captures the burden of extracting the complete 
set of structured slot values. Since Semantic Accuracy requires both the intent and all slot 
values to be correct, these two features provide complementary task-level evidence for 
pre-inference model selection. 

Transaction Risk (Risk) 

Transaction Risk identifies utterances that involve state-changing or execution-sensi-
tive operations, such as booking, changing, or cancelling a reservation. Unlike infor-
mation-seeking requests, for which an incorrect interpretation generally results in an in-
accurate response or recommendation, transaction-related requests may lead to an incor-
rect reservation, cancellation, or modification of the dialogue state [14]. Therefore, even 
when such utterances do not exhibit strong intent or slot ambiguity, they should be treated 
as error-sensitive cases in model routing. 

We detect transaction-related cues using a predefined lexicon including expressions 
such as book, reserve, change, and cancel. Risk is represented as a binary indicator: Risk(𝑢) = ൜1, if u contains transaction − related cues0, otherwise  (6)

Together, these task-level features represent the difficulty directly associated with the 
current NLU task, including intent identification, slot-value extraction, and transaction-
sensitive interpretation. However, in multi-turn conversational systems, accurately un-
derstanding a user’s goal often requires looking beyond a single turn. To address these 
inter-turn dependencies, we introduce contextual complexity. 

3.1.2. Contextual Complexity 
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Contextual complexity captures the extent to which the current utterance depends 
on preceding dialogue context for correct interpretation. Prior studies on multi-turn dia-
logue understanding have shown that conversational data is often difficult to process due 
to contextual phenomena such as referential expressions, implicit mentions, and topic 
transitions [14,25,26]. Motivated by this observation, we represent contextual complexity 
using three complementary pre-inference signals: Deixis, Contextual Similarity, and Topic 
Return. 

Deixis (Deixis) 

Deixis captures explicit referential expressions whose interpretation requires prior 
context. For example, in “Yes, that will work. I need to book it for 2 people,” the expres-
sions “that” and “it” cannot be resolved from the current utterance alone. We therefore 
represent Deixis as a binary indicator based on the occurrence of predefined referential 
expressions, such as “this,” “that,” and “it.” 

Contextual Similarity (Sim) 

Contextual Similarity (Sim) measures semantic continuity between the current utter-
ance and recent dialogue history. Building on prior studies showing that dialogue history 
provides contextual evidence for identifying user intents and slot values [24], we compute 
contextual similarity to estimate the extent to which the current utterance depends on past 
conversational context. It is used to identify whether the current utterance remains close 
to the ongoing conversational context or introduces content that is less related to recent 
turns. Unlike Deixis, which captures explicit referential expressions, similarity provides a 
continuous signal of contextual continuity even when no explicit reference term appears. 

Given the current utterance ut and the dialogue context ct available at turn t, Sim 
measures the maximum cosine similarity between ut and the preceding N user turns. Alt-
hough ct includes both previous utterances and the accumulated dialogue state, this fea-
ture uses only the recent utterance history for similarity computation. 𝑆𝑖𝑚(𝑢௧ , 𝑐௧) = max௜∈[௧ିே,௧ିଵ] cosine(𝑓(𝑢௧),𝑓(𝑢௜)) (7)

where ui denotes a previous utterance within the preceding N turns and f(·) denotes the 
TF-IDF vector representation of an utterance. A high Sim value indicates that the current 
utterance is semantically close to at least one recent turn, whereas a low value indicates 
weak continuity with the recent dialogue context. 

Topic Return (TopicReturn) 

While Sim captures general semantic continuity with recent dialogue history, it is 
challenging to discern whether the current utterance continues the immediately preceding 
topic or returns to an earlier topic after an intervening shift. To capture this non-local de-
pendency, we define Topic Return.  

Topic Return captures cases in which the current utterance is more closely related to 
an earlier dialogue turn than to the immediately preceding turn. This pattern occurs when 
a dialogue temporarily shifts to another task or domain and later resumes a previously 
discussed task. TopicReturn is defined as: TopicReturn(𝑢௧ , 𝑐௧) = max ൬0, max௜∈[௧ିே,௧ିଶ] Sim(𝑢௧,𝑢௜) − Sim(𝑢௧ ,𝑢௧ିଵ) ൰ (8)

where ut−1 denotes the immediately preceding utterance and ui denotes an earlier utter-
ance within the preceding N turns. TopicReturn was computed using cosine similarity 
between TF-IDF representations of the current and preceding utterances. A high TopicRe-
turn value indicates that the current utterance is more strongly associated with an earlier 
conversational context than with the immediately preceding turn. For example, when a 
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dialogue first concerns hotel selection, then moves to attraction information, and later re-
turns to modifying the hotel booking, the final utterance may require the system to recover 
an earlier task state rather than continue from the most recent topic. 

Together, Deixis, Contextual Similarity, and TopicReturn represent complementary 
aspects of contextual dependency. Deixis captures explicit reference to prior context, Con-
textual Similarity captures general continuity or change across recent turns, and Topic 
Return captures non-local resumption of a previously discussed task. These features allow 
the router to consider dialogue-history dependency before selecting a model level. 

3.1.3. Surface-Level Complexity 

Surface-level complexity captures lexical and syntactic characteristics of an utterance, 
such as sentence length and the presence of negation, which may increase parsing diffi-
culty and lead to errors in understanding, even when the underlying intent is relatively 
simple. In other words, surface complexity reflects complexity signals that are directly 
observable from the current utterance, without requiring dialogue history. 

Utterance Length (Len) 

Utterance Length (Len) is included as a lightweight surface cue because longer utter-
ances often contain more constraints, modifiers, or slot-value expressions, thereby increas-
ing the amount of information that the NLU model must process. Prior studies have also 
used utterance length as a lexical feature for intent classification, suggesting that length 
provides a simple but informative signal for utterance-level understanding [5]. In this 
study, Len is computed as the normalized token count of the current utterance. 

Negation (Neg) 

Negation (Neg) indicates whether the utterance contains an explicit negative expres-
sion. Since negation has been identified as a challenge in many natural language under-
standing tasks [21], we include it as a surface-level complexity cue. In slot-oriented NLU, 
negation is relevant because a mentioned value may correspond to an excluded condition 
rather than a requested constraint. For example, in “I do not want a guesthouse,” the value 
“guesthouse” appears in the utterance but should not be assigned as the user’s preferred 
accommodation type. We represent Neg as a binary indicator based on a predefined lexi-
con of negative expressions, such as “not,” “don’t,” and “can’t.” 

These surface-level indicators serve as lightweight supplementary cues that comple-
ment task-level and contextual features. Together, the three feature groups constitute a 
unified NLU difficulty representation, which provides the pre-inference evidence used by 
the model-level router described in Section 3.2. 

3.2. Difficulty-Aware Model-Level Routing 

Based on the estimated complexity of each user utterance, the proposed method se-
lects an appropriate model from a predefined model pool prior to NLU model execution. 
Given the utterance complexity feature vector 𝑥 defined in Section 3.1, routing is formu-
lated as a pre-inference decision problem based on utterance-level NLU difficulty. The 
objective is not to select the most capable model, but to select the minimum model level 
that is sufficient for producing a semantically correct NLU output. As shown in Equation 
(2), the router takes the utterance complexity feature vector 𝑥 as input and predicts the 
required model level 𝑙̂. 
3.2.1. Routing Label Construction 

We train a lightweight router that maps the utterance complexity feature vector to a 
model-level routing decision. To train the router, each utterance is assigned a target 
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model-level label. The target label represents the minimum model level, under the prede-
fined capacity ordering, that is sufficient to produce a semantically correct NLU output. 
A prediction is considered semantically correct only when both the intent label and the 
complete slot-value set match the ground truth. 

For an utterance ui with dialogue context ci, the correctness of the model at level l is 
represented by the instance-level success indicator sl(u,c) defined as: 𝑠௟(𝑢௜ , 𝑐௜) = 𝕀 ቂ൫𝑦ప,௟ூ෢ = 𝑦௜ூ൯ ∧ ቀ𝑦ప,௟ௌ෢ = 𝑦௜ௌቁቃ (9)𝑦௜ூ and 𝑦௜ௌ denote the ground-truth intent label and slot-value set for utterance i and 𝑦ప,௟ூ෢  and 𝑦௜,௟ௌ  denote the intent and slot predictions produced by model level l. 

The target routing label is then defined as: 𝑙௜∗ = min{ 𝑙 ∈ 𝐿 ∣ 𝑠௟(𝑢௜ , 𝑐௜) = 1} (10)

where L = {l0, l1, …, lk} is an ordered model pool from lower-capacity to higher-capacity 
models. This capacity ordering represents the computational hierarchy of the model pool, 
rather than an assumption of monotonic improvement in Semantic Accuracy across model 
levels. If multiple model levels correctly process the same utterance, the lowest successful 
level is selected as the target label. This labeling strategy prevents unnecessary assignment 
to higher-capacity models while preserving the semantic correctness requirement.  

If none of the candidate models produces a semantically correct output, the instance 
is recorded as Unresolved for diagnostic analysis and mapped to the highest model level, 
LLM, for target-label construction and routing evaluation. Because the Unresolved status 
is not observable at inference time, these instances are routed to the LLM by default, and 
any remaining LLM failures are retained as incorrect cases when computing Semantic Ac-
curacy. 

3.2.2. Router Training and Inference 

The router is trained to predict the target model-level label from the eight-dimen-
sional utterance complexity feature vector. Because the routing decision is performed be-
fore NLU inference, the router should introduce minimal computational overhead. It 
should also provide interpretable decision rules so that the relationship between utterance 
complexity features and model selection can be analyzed. For this reason, we use a deci-
sion tree as the routing model. 

At inference time, the system first extracts utterance complexity feature vector 𝑥 
from the current utterance and dialogue context. The trained router then predicts 𝑙̂, and 
the utterance is forwarded to the model corresponding to the predicted model level. Since 
the routing decision is completed before any NLU model is executed, the proposed 
method avoids the sequential trial-and-escalation procedure used in cascading ap-
proaches.  

After the router predicts the required model level, the selected level is combined with 
the domain label to dispatch the utterance to the corresponding domain-specific model 
instance. In the present experiments, this domain label is provided by the ground-truth 
annotation of MultiWOZ 2.2 under an oracle-domain setting. Accordingly, the reported 
results isolate model-level routing performance and do not evaluate the accuracy or cost 
of an end-to-end domain detection module. 

The proposed router adopts a sequential architecture in which multiple Decision Tree 
gates are connected in series. The model pool is arranged in ascending order of computa-
tional capacity, and the router traverses this hierarchy to identify the minimum sufficient 
model level capable of handling a given utterance. Beginning with the most lightweight 
model, each gate evaluates whether the current model is sufficient for the utterance at 
hand; upon the first gate whose sufficiency condition is satisfied, the utterance is 
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immediately routed to the corresponding model. Utterances that do not satisfy any lower-
level gate are ultimately assigned to the highest-capacity model, i.e., the LLM.  

Unlike a single multiclass Decision Tree that predicts the target model in a single 
pass, the proposed sequential architecture explicitly encodes the ordinal structure of the 
model pool by decomposing the routing decision into a series of binary sufficiency gates. 
Furthermore, the white-box nature of Decision Trees enables post-hoc analysis of which 
utterance complexity features contributed most significantly to the routing decision at 
each gate, providing a high degree of interpretability into the model selection process. 
Figure 2 illustrates the overall inference pipeline of the proposed Sequential Router. At 
each decision gate, the Yes branch indicates that the current model is deemed sufficient, 
routing the utterance to that model. Conversely, the No branch cascades the utterance to 
the next, higher-capacity model for further evaluation. 

 

Figure 2. Sequential Decision Tree Router for Minimum Sufficient Model Selection. 

4. Experiments 
4.1. Experiments Setup 

4.1.1. Dataset 

We evaluate the proposed framework on MultiWOZ 2.2 [30], a multi-domain task-
oriented dialogue benchmark. The dataset contains multi-turn dialogues across eight do-
mains, including hotel, restaurant, train, taxi, attraction, hospital, police, and bus. We use 
the official training, validation, and test splits. 

MultiWOZ 2.2 is suitable for this study because it provides multi-turn dialogue con-
texts and annotated intent-slot structures, allowing us to evaluate both NLU correctness 
and routing decisions under contextual dependency. In particular, the dataset includes 
utterances involving topic shifts, referential expressions, and multiple slot constraints, 
which are related to the proposed utterance complexity features. 
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To construct domain-specific expert model pools, we used only single-domain turns 
in the main experiments. In addition, domains with fewer than 1000 training samples, 
including bus, police, and hospital, were excluded from the main domain-wise evaluation 
to reduce the instability caused by small sample sizes. As a result, the main evaluation 
was conducted on six domains: Hotel, Restaurant, Train, Taxi, Attraction, and No Do-
main. In all training, validation, and test experiments, the ground-truth domain labels 
provided by MultiWOZ 2.2 were used. Accordingly, the experiments were conducted un-
der an oracle-domain setting to isolate model-level routing performance from errors in-
troduced by domain prediction. The No Domain category was also assigned based on the 
original dataset annotations. Although the target turn was single-domain, dialogue his-
tory was preserved for contextual feature extraction, allowing TopicReturn to capture re-
turns to earlier entities, constraints, or task contexts after intervening turns. 

4.1.2. Feature Extraction 

The eight complexity features were extracted using predefined schema information, 
manually defined lexical rules, and dialogue-history signals. IntentAmb was computed 
using intent-related keywords derived from the service and slot descriptions in the pre-
defined schema. SlotSpaceAmb was calculated from domain-specific slot values identified 
through regular-expression patterns, manually defined aliases, and value-normalization 
rules. Lexical variants, such as “inexpensive” to “cheap,” “center” to “centre,” and “guest 
house” to “guesthouse,” were normalized. 

Risk, Deixis, and Neg were represented as binary indicators based on predefined lex-
ical cue sets. Len was computed as the number of word and numeric tokens extracted 
using a regular-expression tokenizer. The rule sets used for slot cue matching, intent cue 
matching, transaction-risk detection, deixis detection, and negation detection are pro-
vided in Appendix A. Sim and TopicReturn were calculated using TF-IDF-based cosine 
similarity between the current utterance and preceding dialogue turns, following the def-
initions in Section 3.1. Unmatched expressions did not activate the corresponding lexical 
features, and no test-set annotations were used to construct the feature-extraction re-
sources.  

4.1.3. Implementation Environment 

All experiments were conducted using Python 3.10.19. The local NLU models and 
routing modules were implemented with PyTorch 2.10.0, HuggingFace Transformers 
4.57.6, and scikit-learn 1.6.1. The experiments were performed on a workstation equipped 
with an AMD Ryzen 5 5600X 6-Core Processor, 16 GB RAM, and one NVIDIA GeForce 
RTX 3060 GPU with 12 GB VRAM. The GPU environment used CUDA 12.2 runtime sup-
port and CUDA 11.8 toolkit support. The LLM-based inference was conducted using the 
OpenAI Python SDK 2.26.0. The local NLU models were fine-tuned using the NVIDIA 
GeForce RTX 3060 GPU. However, to evaluate inference efficiency under a lightweight 
deployment setting, all latency measurements, including feature extraction, routing deci-
sion, and local model inference, were conducted on the CPU. This common execution en-
vironment was used to examine whether pre-inference routing can reduce latency relative 
to post-hoc routing without reducing Semantic Accuracy, while minimizing the influence 
of heterogeneous hardware resources on the comparison. 

4.1.4. Model Pool 

The model pool consists of multiple NLU models with different capacity and cost 
levels. Each model receives the current utterance, dialogue history, and previous dialogue 
state as input, and produces intent and slot predictions. The router is trained to select the 
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minimum sufficient model level based on the difficulty representation defined in Section 
3.1. 

Table 3 presents the configuration of the model pool. In this study, we employ four 
representative models with different capacity and cost characteristics: a rule-based system 
based on predefined domain rules, DistilBERT [31] as a distilled and lightweight variant 
of BERT, RoBERTa [32] as a robustly optimized pretrained Language Model (LM), and 
GPT-5-mini (gpt-5-mini-2025-08-07) as a cost-efficient lightweight LLM. The LLM was 
queried using the Chat Completions API with model gpt-5-mini-2025-08-07. The temper-
ature and top_p parameters used their respective default values of 1.0, and no explicit 
maximum output-token limit was specified in the API request. The generated outputs 
were parsed using a rule-based line parser that extracts the intent: line and comma-sepa-
rated slot=value pairs from the slots: line. The complete prompt is provided in Appendix 
B. The model pool is organized into four ordered levels, ranging from a rule-based system 
to a LLM. If none of the models in the pool produces a semantically correct output, the 
corresponding turn is treated as an unresolved case. Each model is provided with the re-
cent three dialogue rounds as contextual input. The Lite-LM and Base-LM are fine-tuned 
for domain-specific NLU using a multi-head architecture, whereas the LLM is used 
through prompt engineering without additional fine-tuning. The LLM was conditioned 
on the domain-specific slot ontology, valid intent set, output schema, and eight in-context 
examples, as shown in Appendix B. To provide a supplementary comparison of model 
usage, we assigned predefined normalized weights of 0.01, 0.20, 0.40, and 1.00 to RBS, 
Lite-LM, Base-LM, and LLM, respectively, according to their ordered computational lev-
els. For the auxiliary routing components, normalized overhead weights of 0.001, 0.003, 
0.002, 0.001, and 0.05 were assigned to handcrafted feature extraction, Sequential DT rout-
ing, single-stage DT routing, MLP routing, and sentence-embedding extraction, respec-
tively. These weights do not represent measured monetary costs or a calibrated hardware-
cost model. Because the present study focuses on pre-inference routing rather than cost-
model estimation, the resulting metric is used only as a supplementary indicator, while 
measured latency and LLM Call Rate constitute the primary efficiency measures. For read-
ability, this normalized relative-cost indicator is hereafter referred to simply as Cost. For 
static and proposed routing methods, the cost is computed based on the selected model. 
For Confidence Cascade, the cost is accumulated over all executed models along the esca-
lation path. 

Table 3. Configuration of Model Pool. 

Level Model Specification Role Cost 
0 RBS - Rule-based System 0.01 
1 Lite-LM DistilBERT-base [31] Lightweight Model 0.2 
2 Base-LM RoBERTa-base [32] Middle-capacity Model 0.4 

3 LLM 
GPT-5-mini 

(gpt-5-mini-2025-08-07) Highest-capacity Model 1.0 

To evaluate the efficiency of the proposed pre-inference NLU difficulty-aware rout-
ing method, we applied Confidence Cascade to the same model pool and compared it 
with the proposed method. In Confidence Cascade, a lower-level model is executed first, 
and a confidence score is obtained by applying softmax to the logits of the final layer. If 
the confidence score is lower than a predefined threshold, the utterance is escalated to the 
next higher-level model. We also compared the proposed method with a multi-model par-
allel ensemble baseline. Prior studies have explored various ensemble strategies, includ-
ing boosting-based intent classification and neural ensemble models that combine multi-
ple base models through an MLP-based aggregation framework [14,33,34]. Following this 
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direction, the parallel ensemble baseline executes all models in the model pool and uses 
their prediction results and confidence scores as input to an MLP-based meta-classifier, 
which selects the model output to be used as the final NLU prediction. The MLP consisted 
of two hidden layers with 32 and 16 units, using ReLU activation and a softmax output 
layer. It was trained with Adam, a learning rate of 0.001, a batch size of auto, and up to 
500 iterations with early stopping using the development-set performance for model se-
lection. 

To compare the proposed sequential pre-inference router with alternative pre-infer-
ence structures, we additionally evaluated three baselines: a single-stage multiclass DT 
(MultiClass DT) using the same handcrafted difficulty features, an embedding-based DT 
router (Embedding DT), and an embedding-based MLP router (Embedding MLP). All 
methods were evaluated under the same evaluation protocol. The embedding-based rout-
ers used ‘sentence-transformers/all-MiniLM-L6-v2’, a Sentence-BERT–based model from 
the Sentence Transformers library. The DT baselines followed the same training and hy-
perparameter-selection settings as the proposed DT router, while the embedding-based 
MLP used the same layer configuration as the MLP employed in the Parallel Ensemble. 

For each domain, the Minimum Sufficient Success label was used as the training label 
for the Decision Tree router. The labels were generated from the inference results of the 
model pool on the training set of MultiWOZ 2.2. To avoid data leakage, we applied 5-fold 
cross-validation and constructed out-of-fold prediction files. Based on Semantic Accuracy, 
each turn was assigned the lowest model level that produced a semantically correct out-
put. The domain-wise distribution of the Minimum Sufficient Success labels is shown in 
Table 4. The label set consists of five categories: RBS, Lite-LM, Base-LM, LLM, and Unre-
solved. For the No Domain category, which mainly consists of greetings, thanks, and other 
non-task-bearing expressions, most turns can be handled by low-resource models such as 
RBS or Lite-LM. In contrast, domains with large slot spaces, such as Hotel, show a rela-
tively higher proportion of unresolved cases, suggesting that these domains contain turns 
that are difficult to handle within the current model pool. The corresponding Unresolved 
rates in the final test set were 25.23%, 13.48%, 26.05%, 0.00%, 14.57%, and 0.00% for Hotel, 
Restaurant, Train, Taxi, Attraction, and No Domain, respectively, with an overall rate of 
16.20%. 

Table 4. Distribution of Minimum Sufficient Models by Domain. 

Domain RBS Lite-LM Base-LM LLM Unresolved Total 
Hotel 381 2879 1134 4653 5656 14,703 

Restaurant 2685 4582 875 3067 3699 14,908 
Train 280 329 184 7073 4122 11,988 
Taxi 487 1674 3 629 622 3415 

Attraction 638 1868 1003 2039 2493 8041 
No Domain 3088 5791 0 0 0 8879 

The Decision Tree routers were optimized by grid search over hyperparameters, in-
cluding the maximum tree depth and the minimum number of samples per leaf. The grid 
search considered max_depth values of [2, 3, 4, 5, 6] and min_samples_leaf values of [10, 
20, 50, 100]. We also searched min_samples_split values of [20, 50, 100], with class_weight 
= “balanced”. In the sequential router, each gate was formulated as a binary sufficiency 
classifier and trained on the remaining samples that were not assigned to lower model 
levels. Unresolved cases were not introduced as an additional routing class; instead, they 
were retained as negative instances for the lower-level gates, and instances rejected by the 
final gate were routed to the LLM by default. To mitigate class imbalance in gate-level 
success prediction, balanced class weights were applied during training. At inference 
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time, the positive-class probability obtained from ‘predict_proba’ was used as an esti-
mated sufficiency score. The gate-specific decision thresholds were selected on the devel-
opment set based on the Semantic Accuracy–latency Pareto frontier. For each domain and 
routing method, all candidate threshold configurations were evaluated, and the resulting 
objectives were normalized to identify the Pareto knee, which served as a common refer-
ence for defining the minimum acceptable Semantic Accuracy. Pareto-optimal configura-
tions with Semantic Accuracy below that of the knee point were excluded. The final 
threshold combination was then determined from the remaining non-dominated, accu-
racy-preserving region of the Pareto frontier, favoring higher Semantic Accuracy while 
avoiding a disproportionate increase in total latency. The selected threshold configuration 
was then fixed and evaluated on the test set. The threshold-selection procedure was ap-
plied to both the Confidence Cascade and the proposed routing method. The final thresh-
olds used for the proposed router and the Confidence Cascade are reported in Appendix 
C. 

4.2. Metrics 

We evaluate the proposed framework from two perspectives: NLU prediction quality 
and routing efficiency. NLU prediction quality evaluates intent and slot prediction cor-
rectness, while routing efficiency evaluates whether the router reduces high-capacity 
model invocation without sacrificing semantic correctness. 

4.2.1. NLU Performance Metrics 

For NLU quality, we use Semantic Accuracy as the primary metric because the rout-
ing label is constructed based on the joint correctness of intent and slot predictions. A 
prediction is considered semantically correct only when both the intent label and the com-
plete slot-value set match the ground truth. Semantic Accuracy is defined as: Semantic Accuracy = 1𝑁෍ 1ൣ൫𝑦పூ෢ = 𝑦௜ூ൯ ∧ ൫𝑦పௌ෢ = 𝑦௜ௌ൯൧ே௜ୀଵ  (11)

where 𝑦௜ூ and 𝑦పூ෢ denote the ground-truth and predicted intent labels, and 𝑦௜ௌ and 𝑦పௌ෢ 
denote the ground-truth and predicted slot-value sets for utterance i. 

We additionally report Intent Accuracy and Slot F1 to analyze subtask-level perfor-
mance. Intent Accuracy measures whether the predicted intent matches the ground truth 
intent, while Slot F1 measures the precision-recall trade-off of predicted slot-value pairs. 
Intent Accuracy and Semantic Accuracy are computed as utterance-level correctness rates 
over the complete test set, whereas Slot F1 is micro-averaged across all test instances. 
These metrics are used as diagnostic indicators, whereas Semantic Accuracy is used as the 
main criterion for model-level labeling and overall NLU evaluation. 

4.2.2. Routing Efficiency and Risk 

For routing evaluation, we measure how effectively the router selects the minimum 
sufficient model level before inference. Under-routing occurs when the router selects a 
model level lower than the target level, whereas Over-routing occurs when the router se-
lects a higher model level than necessary: UnderRouting = 1𝑁෍ 1ൣ𝑙ప෡ < 𝑙௜∗൧ே௜ୀଵ  (12)

OverRouting = 1𝑁෍ 1ൣ𝑙ప෡ > 𝑙௜∗൧ே௜ୀଵ  (13)

UnderRouting is treated as a more critical routing error because it may reduce NLU 
correctness by assigning an utterance to an insufficient model. In contrast, OverRouting 
mainly affects efficiency by invoking a higher-capacity model than necessary. Because 
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Unresolved instances have no minimum sufficient model level within the candidate pool, 
they were excluded from the denominators of the UnderRouting and OverRouting rates. 
However, these instances were retained in the overall NLU evaluation, and unsuccessful 
final predictions were counted as incorrect when computing Semantic Accuracy. 

To evaluate efficiency, we report the LLM Call Rate as the high-capacity model invo-
cation rate, average inference cost, and average latency. The high-capacity model invoca-
tion rate measures the proportion of utterances routed to the highest-capacity model, such 
as an LLM. Cost and Total Latency were computed by averaging the predefined cost and 
measured latency associated with the model selected for each utterance. Latency was 
measured with a batch size of 1 and averaged over all instances in the test set. For the 
proposed method, Total Latency was calculated as the sum of utterance-complexity fea-
ture extraction, pre-inference routing, and inference by the selected model. Therefore, we 
decompose the total latency into three components: feature extraction latency, routing de-
cision latency, and model inference latency. Since the LLM was accessed through an ex-
ternal API, its latency was measured as client-side end-to-end wall-clock latency. Accord-
ingly, LLM latency included API request transmission, network round-trip time, server-
side processing, and response generation, while local prompt construction and output 
parsing were excluded. 

4.3. Overall Performance and Efficiency Comparison 

To evaluate the NLU performance and inference efficiency of the proposed pre-infer-
ence NLU difficulty-aware routing method, experiments were conducted across six do-
mains. Table 5 presents a method-wise overall performance comparison on the test set. In 
addition, we include Ideal as an upper-bound reference that represents the best possible 
model selection for each utterance, assuming prior knowledge of the ground-truth routing 
label. Although Ideal is not a deployable routing method, it provides an upper-bound 
reference for the maximum achievable performance of the routing framework under ideal 
model selection. We assume that all candidate models are executed simultaneously for 
each input in a parallel ensemble setting. Therefore, the computational cost accumulates 
across the entire model pool, whereas the inference latency is determined by the slowest 
model under true parallel execution. Among the static routing methods, the three non-
LLMs, namely RBS, Lite-LM, and Base-LM, achieved low latency. However, because all 
utterances were processed by a single fixed model, their Semantic Accuracy (SemAcc) was 
limited to 0.28, 0.61, and 0.68, respectively. In particular, although Lite-LM and Base-LM 
achieved high Intent Accuracy (IntAcc), their Slot F1 scores were not sufficient to maintain 
high SemAcc. This indicates that accurate intent prediction alone is insufficient for task-
oriented NLU, where both intent and slot-value predictions must be correct. In contrast, 
the LLM-based static method achieved the highest prediction performance among the 
static methods; however, it incurred inference latency of 4217.57 ms. For dynamic routing, 
the proposed method routed only 18% of the utterances to the LLM while achieving a 
SemAcc of 0.74, which is higher than the few-shot prompted LLM-only baseline with a 
SemAcc of 0.69 and comparable to the Confidence Cascade with a SemAcc of 0.73. Parallel 
Ensemble attained the highest SemAcc of 0.83 by exhaustively executing all candidate 
models. However, this gain was achieved at the cost of substantially higher normalized 
cost and latency. When compared with alternative pre-inference routing approaches, the 
proposed method achieved higher SemAcc than MultiClass DT and Embedding DT and 
recorded the lowest Total Latency among the four pre-inference routers. It also provided 
Semantic Accuracy comparable to that of Embedding MLP, which achieved the highest 
SemAcc. These results indicate that the objective of the proposed method is not to max-
imize Semantic Accuracy through exhaustive model execution, but rather to provide a 
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deployable, efficiency-oriented trade-off that reduces LLM invocation, cost, and latency 
while maintaining competitive NLU performance. 

Table 5. Overall Performance Comparison by Method. 

Routing Method SemAcc IntAcc Slot F1 
LLM 
Call 
Rate 

Cost 
Total 

Latency 

Static 

RBS 0.28 0.38 0.24 - 0.01 0.10 
Lite-LM 0.61 0.98 0.70 - 0.20 50.92 
Base-LM 0.68 0.98 0.79 - 0.40 100.72 

LLM 0.69 0.92 0.84 1.00 1.00 4217.57 

Dynamic 
(Post-hoc) 

Confidence  
Cascade 

0.73 0.89 0.68 0.24 0.49 1127.10 

Parallel  
Ensemble 0.83 0.97 0.91 1.00 1.61 4217.85 

Dynamic 
(Pre-inference) 

MultiClass DT 0.64 0.88 0.78 0.23 0.35 1135.72 
Embedding DT 0.68 0.91 0.82 0.23 0.36 1077.11 

Embedding MLP 0.75 0.94 0.86 0.31 0.46 1452.64 
Ideal 0.88 0.94 0.91 0.33 0.38 874.37 

Proposed 0.74 0.96 0.85 0.18 0.35 806.75 

To verify whether pre-inference routing based on utterance complexity is effective 
across domains, we constructed domain-specific expert model pools and evaluated the 
proposed method in each domain. Table 6 presents the detailed domain-wise NLU per-
formance results for analyzing the effectiveness of routing under different levels of do-
main complexity. As shown in Table 6, in complex domains with a large number of slots 
and high contextual dependency, such as Hotel, Train, Restaurant, and Attraction, the 
lower-level static models maintained high IntAcc, whereas their Slot F1 scores decreased 
substantially, resulting in lower Semantic Accuracy (SemAcc). This indicates that domains 
with more challenging slot extraction require more flexible model selection, because in-
tent-level correctness alone does not guarantee complete semantic correctness. In contrast, 
Taxi and No Domain represent relatively simple domains, where the evaluated turns 
mostly involve intent-level decisions with no slot values to extract. Therefore, Slot F1 is 
not reported for these domains. The Taxi domain shows relatively low Semantic Accuracy 
for the few-shot prompted LLM-only baseline. This may be due to its small and structur-
ally constrained output space, where local encoder-based classifiers can directly model 
predefined labels, while the generative LLM may produce plausible but schema-incon-
sistent outputs. In such low-complexity domains, lower-capacity models such as RBS and 
Lite-LM achieved SemAcc scores close to 1.00. The proposed method captures these do-
main-specific characteristics before inference, thereby avoiding unnecessary high-level 
model invocation in simple domains while assigning more difficult utterances in complex 
domains to appropriate higher-capacity models. Consequently, the proposed method pro-
vides NLU performance comparable to the few-shot prompted LLM-only baseline and 
Confidence Cascade, while avoiding unnecessary high-capacity model invocation across 
domains. 

Table 6. NLU Performance Comparison by Domain and Method. 

Domain 
Number of  
Test Turns Method SemAcc IntAcc Slot F1 

Hotel 1316 
RBS 0.03 0.20 0.22 

Lite-LM 0.32 0.97 0.70 
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Base-LM 0.43 0.97 0.75 
LLM 0.56 0.89 0.87 

Confidence Cascade 0.49 0.86 0.83 
Parallel Ensemble 0.65 0.94 0.92 

Ideal 0.75 0.93 0.93 
Proposed 0.53 0.93 0.87 

Restaurant 1157 

RBS 0.25 0.36 0.44 
Lite-LM 0.65 0.98 0.70 
Base-LM 0.68 0.98 0.71 

LLM 0.67 0.89 0.83 
Confidence Cascade 0.72 0.85 0.87 

Parallel Ensemble 0.82 0.97 0.93 
Ideal 0.87 0.94 0.93 

Proposed 0.70 0.95 0.87 

Train 1593 

RBS 0.03 0.27 0.30 
Lite-LM 0.29 0.96 0.47 
Base-LM 0.34 0.96 0.64 

LLM 0.69 0.87 0.87 
Confidence Cascade 0.65 0.85 0.85 

Parallel Ensemble 0.80 0.92 0.89 
Ideal 0.83 0.92 0.90 

Proposed 0.68 0.91 0.85 

Taxi 290 

RBS 0.25 0.25 - 
Lite-LM 1.00 1.00 - 
Base-LM 1.00 1.00 - 

LLM 0.61 0.61 - 
Confidence Cascade 0.93 0.93 - 

Parallel Ensemble 0.97 0.97 - 
Ideal 1.00 1.00 - 

Proposed 0.85 0.85 - 

Attraction 961 

RBS 0.11 0.19 0.33 
Lite-LM 0.42 0.98 0.57 
Base-LM 0.65 0.98 0.72 

LLM 0.64 0.96 0.75 
Confidence Cascade 0.58 0.82 0.77 

Parallel Ensemble 0.76 0.99 0.86 
Ideal 0.85 0.98 0.86 

Proposed 0.65 0.98 0.83 

No Domain 1121 

RBS 1.00 1.00 - 
Lite-LM 1.00 1.00 - 
Base-LM 1.00 1.00 - 

LLM 0.99 0.99 - 
Confidence Cascade 1.00 1.00 - 

Parallel Ensemble 1.00 1.00 - 
Ideal 1.00 1.00 - 

Proposed 1.00 1.00 - 

To assess whether differences in Semantic Accuracy were statistically significant, we 
conducted two-sided exact McNemar tests on utterance-level correctness, with Holm cor-
rection applied across the three pairwise comparisons. The proposed method was com-
pared with Confidence Cascade, Parallel Ensemble and Embedding MLP. The corre-
sponding test statistics and adjusted p-values are reported in Table 7. Here, 𝑛10 denotes 
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utterances correctly processed by the proposed method but not by the comparison method, 
and 𝑛01 denotes the reverse. In the comparison with Confidence Cascade, 𝑛10 was 733 and 𝑛01 was 608. Thus, the proposed method correctly processed 125 more utterances that Con-
fidence Cascade processed incorrectly than the reverse, and this difference remained sta-
tistically significant after Holm correction (p = 0.0014). This result shows that the proposed 
pre-inference routing procedure, which uses difficulty features to select a model before 
candidate-model inference, produced correct semantic outputs for more utterances than 
the confidence-based cascade. In the comparison with Parallel Ensemble, 𝑛01 was 768 and 𝑛10 was 149, and the difference was statistically significant (p < 0.0001). Parallel Ensemble 
executes all candidate models for each utterance and determines the final output from 
their results. Therefore, the larger number of utterances correctly processed only by Par-
allel Ensemble is consistent with its use of outputs from the entire model pool. However, 
executing all candidate models resulted in a Total Latency of 4217.85 ms, compared with 
806.75 ms for the proposed method. In the comparison with Embedding MLP, 𝑛01 was 560 
and 𝑛10 was 465. Thus, Embedding MLP correctly processed 95 more utterances that the 
proposed method processed incorrectly than the reverse, and this difference was also sta-
tistically significant after Holm correction (p = 0.0033). Embedding MLP uses utterance 
embeddings as input and learns nonlinear decision boundaries through multiple neural-
network layers. This model structure is consistent with its higher Semantic Accuracy than 
the proposed method. Overall, the McNemar test results provide statistical evidence for 
the observed differences in Semantic Accuracy between the proposed method and the 
three comparison methods. Specifically, although the proposed method and Confidence 
Cascade showed comparable Semantic Accuracy, the proposed method produced more 
uniquely correct predictions than Confidence Cascade at the utterance level, and the dif-
ference was statistically significant according to the McNemar test. This result indicates 
that the comparable aggregate performance was accompanied by a statistically significant 
difference in utterance-level correctness in favor of the proposed method on the evaluated 
data. 

Table 7. Pairwise McNemar Test Results for Utterance-Level Semantic Correctness. 

Comparison n1 n10 p-Value Adjusted p-Value 
Proposed vs.  

Confidence Cascade 
608 733 0.0007 0.0014 

Proposed vs.  
Parallel Ensemble 768 149 <0.0001 <0.0001 

Proposed vs.  
Embedding MLP 560 465 0.0033 0.0033 

4.4. Routing Behavior and Efficiency Analysis 

This section analyzes the distribution of the final selected models, the structural la-
tency induced by different execution paths, and the routing errors of dynamic routing 
methods. Table 8 compares the accumulated normalized cost of each routing method un-
der three illustrative routing scenarios—Best, Balanced, and Worst—each defined over 
100 utterances. These scenarios are theoretical configurations designed to demonstrate 
how routing distribution affects accumulated cost. Confidence Cascade, which relies on 
model confidence for routing decisions, accumulates the computational cost of lower-
level models as the final selected model level increases. In the Balanced scenario, the ac-
cumulated cost of Confidence Cascade is 61.00, whereas the proposed method incurs a 
cost of only 40.65, including feature extraction and router overhead, because it executes 
only the selected model once. In the Worst scenario, where all utterances are routed to the 
LLM, the cost gap between Confidence Cascade and the proposed method increases to 
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approximately 1.6 times. In contrast, the cost of the parallel ensemble is accumulated over 
all candidate models because all models perform inference for each input. Thus, Parallel 
Ensemble always incurs the same total cost of 161.10, regardless of the scenario, because 
it requires inference from all models as well as additional ensemble overhead. This result 
confirms that Parallel Ensemble is the least efficient method in terms of computational 
cost. 

Table 8. Illustrative Scenario-Based Accumulated Normalized Cost per 100 Utterances. 

Scenario Confidence Cascade Parallel Ensemble Proposed 
Routing  

Distribution 
Best 1.00 161.10 1.40 RBS 100% 

Balanced 61.00 161.10 40.65 Each 25% 
Worst 161.00 161.10 100.40 LLM 100% 

This stepwise accumulation also applies to latency. Figure 3 compares the domain-
wise total latency across routing methods with SemAcc reported in the bar labels. To avoid 
interpreting latency reduction independently of semantic correctness, each bar label re-
ports total latency in milliseconds on the first line and SemAcc on the second line. Ideal 
denotes the latency obtained when the lowest-capacity model that produces a semanti-
cally correct output is selected post hoc for each utterance using ground-truth correctness 
information. Therefore, Ideal serves as an idealized reference for correctness-preserving 
model selection, rather than a strict lower bound on latency. Since a routing method may 
select a lower-capacity model at the expense of semantic correctness, latency should be 
interpreted jointly with SemAcc and routing error rates. For example, in the Attraction 
domain, the proposed method recorded lower latency than Ideal; however, this was asso-
ciated with an 11 percentage-point decrease in SemAcc. This suggests that the proposed 
method reduced latency by routing more utterances to lower-capacity models, but that 
this efficiency gain was accompanied by a loss in semantic correctness. Confidence Cas-
cade can achieve low latency when utterances are accepted by lower-level models at early 
stages. However, as the number of utterances escalated to Base-LM or LLM increases, la-
tency accumulates due to repeated execution of preceding lower-level models. In contrast, 
the proposed method executes only the selected model once, thereby eliminating redun-
dant lower-level inference in domains that require high-capacity models. As a result, the 
proposed method reduced total latency by 142.56 ms and 185.45 ms in the complex Hotel 
and Restaurant domains, respectively. These results suggest that the proposed method 
can reduce unnecessary inference delay in complex domains, although such latency gains 
should be interpreted together with SemAcc and routing error patterns. 
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Figure 3. Total Latency (ms) Comparison by Domain and Routing Method. 

To provide a more detailed analysis of total latency, Table 9 decomposes the turn-
level average latency across all test domains into feature extraction, routing decision, and 
model inference latency. The proposed method introduces additional feature extraction 
and routing decision overhead before model inference; however, these overheads remain 
small compared with the inference latency saved by reducing unnecessary high-capacity 
model invocation. In contrast, confidence cascading mainly increases model inference la-
tency because multiple models may be executed sequentially before termination. For Par-
allel Ensemble, since all candidate models are invoked concurrently, the total latency is 
determined by the inference time of the largest-capacity model, in addition to a routing 
decision overhead incurred by the MLP-based model selector. For Ideal, model selection 
is determined post hoc based on ground-truth correctness rather than at inference time; 
consequently, no feature extraction or routing decision overhead is incurred, and only 
model inference latency is reported. Overall, the Proposed method achieves the lowest 
total latency among all methods despite the additional feature extraction and routing de-
cision steps, as it avoids invoking high-capacity models for utterances that do not require 
them. As discussed in Section 4.3, the lower latency of the proposed method relative to 
Ideal resulted from routing some utterances to lower-capacity models without access to 
ground-truth correctness information, and this latency reduction was accompanied by 
lower Semantic Accuracy. 

Table 9. Average Latency Decomposition by Routing Method (ms). 

Routing Method Feature Extraction Routing Decision Model Inference Total Latency 
Confidence Cascade - <0.01 1127.10 1127.10 

Parallel Ensemble - 0.28 4217.57 4217.85 
Ideal - - 874.37 874.37 

Proposed 0.28 0.93 805.52 806.75 

Since latency depends on the level of the model selected by each routing method, we 
compare the routing distribution of the four methods to analyze how model selection af-
fects overall latency. Figure 4 presents the domain-wise routing distribution for each dy-
namic routing method. Each stacked bar shows the percentage of utterances assigned to 
each model level. Since Confidence Cascade performs early acceptance when the output 
confidence of a model exceeds a predefined threshold, a considerable number of utter-
ances in complex domains such as Hotel and Train tended to be routed to lower-level 
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models, including RBS and Lite-LM. In contrast, the proposed method recognizes NLU 
difficulty before inference and therefore avoids invoking RBS in the Hotel, Train, and At-
traction domains, instead routing most utterances to Base-LM or LLM. Conversely, in the 
No Domain category, the proposed method routed 98% of utterances to RBS, thereby re-
ducing unnecessary high-capacity model invocation for simple utterances. In the Attrac-
tion domain, the proposed method routed no utterances to the LLM and instead selected 
Base-LM for most cases, resulting in lower latency. This behavior can be attributed to the 
fact that the SemAcc gap between Base-LM and the LLM is small in this domain. Rather 
than invoking the highest-capacity model, the proposed router selected a Base-LM-cen-
tered operating point based on pre-inference complexity features. In contrast, Ideal serves 
as an Ideal upper-bound because it selects the model after observing the actual correctness 
of each model prediction. Therefore, Ideal can identify utterances for which the LLM pro-
vides semantic correctness that lower-level models do not achieve. The proposed method, 
however, does not rely on such post-hoc correctness information. Instead, it learns gener-
alized patterns of NLU difficulty from input-level features and selects a model level before 
inference. This difference indicates that the proposed method achieves a favorable empir-
ical trade-off among Semantic Accuracy, latency, and normalized cost under the evalu-
ated pre-inference routing setting. 

Table 10 shows that the proposed method reduces under-routing in several complex 
domains. In Hotel, under-routing decreased from 0.31 to 0.21, and in Attraction, it de-
creased from 0.27 to 0.19. In Restaurant, under-routing also decreased slightly from 0.16 
to 0.14. These results suggest that, although the changes in Semantic Accuracy vary across 
domains, the proposed method can lower the likelihood of assigning difficult utterances 
to insufficient lower-capacity models in complex domains. Although this relationship dif-
fered in some domains, the tendency was generally consistent with the higher SemAcc of 
the proposed method reported in Table 10. Overall, Confidence Cascade achieves lower 
average latency when many utterances are accepted by lower-level models, but this can 
increase under-routing and reduce SemAcc. The proposed method reduces under-routing 
in several complex domains by selecting higher-capacity models more conservatively, 
which improves SemAcc at the expense of increased over-routing. Confidence Cascade 
can provide an advantage in terms of average latency when a large proportion of utter-
ances are accepted early by lower-level models. However, because this structure relies on 
post-hoc model confidence, under-routing may occur when the confidence score does not 
sufficiently reflect the semantic correctness of the prediction, resulting in a degradation of 
SemAcc. The model selection distribution in Figure 4, where Confidence Cascade routes 
a relatively large proportion of utterances to lower-level models such as RBS and Lite-LM, 
indicates the under-routing risk inherent in confidence-based routing. In contrast, the pro-
posed method performs routing decisions at the pre-inference stage using only utterance 
complexity features extracted from the input utterance and dialogue context. By learning 
model selection according to utterance complexity in advance, the proposed method re-
duces under-routing and maintains SemAcc comparable to that of the LLM-only and Con-
fidence Cascade methods. Although the proposed method shows increased over-routing 
in some domains, this can be interpreted as a trade-off for preventing SemAcc degrada-
tion. Parallel Ensemble achieves the best results in terms of SemAcc and routing errors, 
including both under-routing and over-routing, because it comprehensively explores the 
inference results of all models. However, due to its requirement to execute the entire 
model pool, it incurs more than twice the latency of the other methods, making it less 
efficient in terms of both time and computational cost. Overall, the proposed pre-inference 
NLU difficulty-aware routing method suppresses under-routing and maintains Semantic 
Accuracy comparable to the LLM-only and Confidence Cascade methods, while minimiz-
ing total latency and cost through single-model routing. 
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Figure 4. Routing Distribution by Domain and Method. 

Table 10. Domain-Wise Routing Performance and Error Analysis. 

Domain Method SemAcc Total Latency (ms) UnderRouting OverRouting 

Hotel 
Confidence Cascade 0.49 1799.77 0.31 0.22 

Parallel Ensemble 0.65 4944.55 0.09 0.07 
Proposed 0.53 1483.22 0.21 0.48 

Restaurant 
Confidence Cascade 0.72 911.76 0.16 0.14 

Parallel Ensemble 0.82 4416.59 0.03 0.03 
Proposed 0.70 769.20 0.14 0.38 

Train 
Confidence Cascade 0.65 2618.29 0.15 0.09 

Parallel Ensemble 0.80 3843.68 0.03 0.01 
Proposed 0.68 2460.48 0.13 0.18 

Taxi 
Confidence Cascade 0.93 37.30 0.07 0.05 

Parallel Ensemble 0.97 4663.97 0.03 0.01 
Proposed 0.85 33.10 0.03 0.16 

Attraction 
Confidence Cascade 0.58 1355.63 0.27 0.34 

Parallel Ensemble 0.76 4669.22 0.06 0.12 
Proposed 0.65 92.84 0.19 0.56 

No Domain 
Confidence Cascade 1.00 42.84 0.00 0.84 

Parallel Ensemble 1.00 2769.10 0.00 0.00 
Proposed 1.00 1.66 0.02 0.02 

In summary, the analyses in Figure 4, Tables 8 and 10 demonstrate that the proposed 
method alleviates the accumulated computational overhead, which is a structural limita-
tion of post-hoc cascading, while mitigating the under-routing risk caused by confidence-
based early acceptance. Although Parallel Ensemble and Ideal achieve high SemAcc by 
leveraging post-hoc information more comprehensively, they incur substantial cost and 
latency, thereby exhibiting limitations in terms of cost and latency efficiency. In contrast, 
the proposed method performs single-model selection using only pre-inference NLU dif-
ficulty estimation and achieves a favorable empirical trade-off between Semantic Accu-
racy and inference efficiency. This confirms that the proposed architecture achieves a fa-
vorable trade-off between Semantic Accuracy and Inference Efficiency. 
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4.5. Comparison with Alternative Pre-Inference Routers 

To examine the effects of the input representation and router architecture under the 
same pre-inference routing setting, this section compares the proposed sequential router 
with three alternative designs: MultiClass DT, Embedding DT, and Embedding MLP. Ta-
ble 11 compares the overall routing performance and error patterns of the proposed 
method with those of the alternative pre-inference routing baselines, using SemAcc, Total 
Latency, UnderRouting, and OverRouting aggregated across all evaluation domains. Ta-
ble 11 shows that Embedding MLP achieved the highest SemAcc of 0.75 and the lowest 
UnderRouting rate of 0.10 among the four methods. However, its Total Latency was 
1452.64 ms, approximately 80% higher than that of the proposed method, reflecting the 
additional computation required for sentence-embedding extraction and neural routing. 
The proposed method achieved a comparable SemAcc of 0.74 with a Total Latency of 
806.75 ms, and also achieved higher SemAcc than both MultiClass DT at 0.64 and Embed-
ding DT at 0.68, while maintaining the lowest latency among the four methods. The pro-
posed method showed a higher OverRouting rate of 0.30 than the other three methods, 
which ranged from 0.17 to 0.19. Because UnderRouting assigns an utterance to a model 
below the minimum sufficient level, it has a higher risk of producing an incorrect NLU 
result. The proposed router therefore reduces UnderRouting while selecting the lowest 
model level that satisfies the accuracy constraint and limits latency; as a result, some ut-
terances are assigned above the minimum sufficient level and counted as OverRouting, 
which is interpreted as a consequence of this selection strategy. Unlike Embedding-DT 
and Embedding-MLP, which route based on dense sentence-embedding representations, 
the proposed method uses eight explicitly defined difficulty features and sequential DT 
gates, allowing each routing decision to be traced to specific feature values and gate-level 
outputs corresponding to task-level, contextual-level, or surface-level signals. 

Table 11. Comparison of Routing Performance and Error Analysis with Alternative Pre-inference 
Routing Baselines. 

Method SemAcc Total Latency (ms) UnderRouting OverRouting 
MultiClass DT 0.64 1135.72 0.23 0.19 
Embedding DT 0.68 1077.11 0.18 0.18 

Embedding MLP 0.75 1452.64 0.10 0.17 
Proposed 0.74 806.75 0.12 0.30 

4.6. Utterance Complexity Feature Analysis 

To analyze which utterance complexity features contribute to routing decisions, we 
computed feature importance for the Sequential Router in each domain. Since the pro-
posed router consists of multiple binary Decision Tree gates, feature importance was first 
computed separately for each gate. The gate-level importance scores were then aggre-
gated within each domain to identify the utterance complexity features that consistently 
contributed to model-level sufficiency prediction. Figure 5 reports the top three features 
with the highest aggregated importance for each domain. For domains with large slot 
spaces, such as Hotel, Restaurant, Train, and Attraction, task-level features, including 
Slot-space Ambiguity and Transaction Risk, exhibited higher importance. This suggests 
that the Sequential Router primarily exploits complexity signals associated with NLU pre-
diction complexity when determining whether a low-capacity model is sufficient. By con-
trast, in relatively simple domains such as Taxi and No Domain, surface-level and contex-
tual features, such as length score and topic return, became more influential in addition 
to Transaction Risk. These results indicate that the model-level requirement in simpler 
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domains can often be identified using lexical cues rather than complex task-level ambigu-
ity. 

To further examine the contribution of the three difficulty classes, we conducted a 
feature-class removal ablation. The detailed results are reported in Appendix D and Table 
A4, showing that the removal of each feature class affects semantic performance and rout-
ing behavior differently. 

Overall, the feature analysis demonstrates that the proposed router makes model-
level decisions based on interpretable NLU difficulty signals rather than relying on post-
hoc model confidence. Furthermore, the domain-dependent importance of task-level, con-
textual, and surface-level features indicates that the router uses different difficulty cues 
depending on the semantic and contextual characteristics of each domain. These findings 
suggest that input-observable complexity features can serve as a basis for selecting an ap-
propriate NLU model before inference. 

 

Figure 5. Analysis of Feature Importance for Utterance Complexity. 
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5. Discussion 
The results support the central hypothesis of this study: input-observable NLU diffi-

culty can provide a practical basis for model selection before inference. Unlike post-hoc 
cascading methods that depend on confidence or uncertainty after model execution, the 
proposed framework estimates utterance difficulty from the input itself and selects a 
model level in advance. The comparable Semantic Accuracy and reduced latency indicate 
that pre-inference routing can avoid redundant computation without relying on sequen-
tial trial-and-escalation. In the evaluated setting, the proposed method reduced the aver-
age total latency from 1127.10 ms for the confidence cascade to 806.75 ms, a difference of 
320.35 ms per utterance, while achieving Semantic Accuracy of 0.74 compared with 0.73 
for the cascade. In a real-world conversational system, a similar per-utterance reduction 
could be expected to shorten the cumulative response time over successive dialogue turns. 
However, the confidence cascade is not inherently slower under all configurations and 
may provide different accuracy–latency characteristics depending on its thresholds and 
execution environment. 

The results further indicate that utterance-level NLU difficulty is closely related to 
the complexity of structured intent-slot prediction. In complex domains, performance 
losses were associated more with incomplete slot-value prediction than with intent mis-
classification, suggesting that pre-inference model selection should account for the joint 
difficulty of intent recognition and slot extraction. The routing error analysis further sup-
ports the proposed pre-inference routing strategy, showing that input-observable diffi-
culty features can identify utterances requiring higher-capacity semantic processing be-
fore model execution. This is particularly important in task-oriented NLU. 

These findings imply that pre-inference difficulty-aware routing is a viable alterna-
tive to confidence-based cascading for real-time conversational expert systems in the eval-
uated single-domain multi-turn NLU setting. However, the current framework has sev-
eral limitations. First, the difficulty representation relies on predefined schema infor-
mation, manually designed lexical rules, and regular expressions. Consequently, adapting 
the framework to unseen or highly complex domains requires additional domain-specific 
rule construction and maintenance, which may limit scalability as the number of domains 
and schema elements increases. Second, because the proposed method is trained offline, 
it may be difficult to adapt to dynamic changes in user behavior or domain distributions. 
Third, the current temporal features may not sufficiently represent long-range contextual 
dependencies in very long multi-turn conversations. Fourth, the current evaluation is 
based on oracle domain labels and single-domain turns, and therefore does not account 
for domain-prediction errors or utterances containing intents and slot constraints from 
multiple domains. Fifth, the current evaluation does not quantify seed-level variability 
across the trainable model and routing components. Sixth, the reported latency results are 
specific to the evaluated CPU-based deployment setting, and routing efficiency may vary 
depending on hardware, batching, parallel execution, and edge AI acceleration. 

Future work will extend the proposed framework to predicted-domain and multi-
domain settings through a two-stage architecture in which a lightweight domain predictor 
first identifies one or more candidate domains, after which domain-conditioned intent and 
slot difficulty features are aggregated for model-level routing. In addition, we will explore 
automatic schema-guided construction of lexical rules, aliases, and normalization map-
pings, together with learned difficulty representations, to reduce the manual effort re-
quired when adapting the framework to new or complex domains. Further research will 
formulate utility-based routing by jointly estimating the expected accuracy, cost, and op-
erational overhead of each candidate model. We will also investigate deployment-feed-
back-based threshold adaptation and transferable difficulty representations for cross-do-
main and out-of-domain inputs. The latency–accuracy characteristics, conversational 
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turn-level accumulation, and deployment feasibility of the routing methods will also be 
compared and optimized in GPU and edge AI accelerator environments under different 
batching, parallel-execution, and model-optimization settings. 

6. Conclusions 
In this study, we proposed a pre-inference NLU difficulty-aware routing framework 

that estimates utterance complexity before executing any candidate NLU model and se-
lects an appropriate model level for multi-turn NLU in single-domain dialogue settings. 
To mitigate the additional inference cost and accumulated latency introduced by confi-
dence-based cascading methods, we designed a routing method that performs routing 
prior to candidate-model execution and independently of candidate-model confidence or 
uncertainty signals. The proposed method performs domain-specific routing decisions us-
ing utterance complexity features observable from the input utterance and dialogue con-
text. Experimental results demonstrate that the proposed method reduced high-capacity 
model invocation and average latency while achieving competitive Semantic Accuracy 
compared with the few-shot prompted LLM-only baseline and the post-hoc confidence 
cascade. Comparisons with multiclass and embedding-based pre-inference routers fur-
ther showed that the proposed method maintained comparable semantic performance 
while requiring lower end-to-end latency than the evaluated alternatives. 

The results of this study suggest that selecting the model level in advance according 
to utterance-level NLU difficulty can be an efficient alternative to processing all utterances 
with the same high-performance model in task-oriented conversational systems. Further-
more, by showing that input-level utterance complexity features provide meaningful sig-
nals for model selection, this study presents a pre-inference routing direction that differs 
from conventional output confidence-based cascading. Future work will extend the sta-
bility and generalizability of the proposed framework by evaluating predicted-domain 
and multi-domain settings and by developing learned difficulty representations, adaptive 
routing-threshold policies, and cross-domain transfer learning for out-of-domain inputs. 
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Appendix A 
The lexical and rule-based cues used for feature extraction were constructed from the 

MultiWOZ 2.2 domain ontology and common surface expressions observed in task-ori-
ented dialogue. These rules were used only to compute pre-inference difficulty features. 
They were not used as gold labels, and no gold intent or slot-value annotations from the 
test instances were used during feature computation. 

Appendix A.1. Slot Cue Matching 

For each domain, the slot cue lexicon was constructed from ontology-defined slot 
names, ontology values, and common paraphrases. For example, area-related cues in-
clude north, south, east, west, and centre; price-related cues include cheap, moderate, 
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expensive, budget, and price; and booking-related cues include day, time, people, stay, 
and book. 

Appendix A.2. Intent Cue Matching 

Intent cues were defined using task-oriented action keywords such as find, search, 
look for, need, book, reserve, cancel, change, modify, and update. 

Appendix A.3. Transaction Risk 

Transaction-risk cues include booking, reservation, cancellation, change, modifica-
tion, confirmation, and related surface forms. 

Appendix A.4. Deixis (History Reference) Cue Matching 

Deixis cues capture referential expressions that depend on prior dialogue context for 
resolution, independent of domain ontology. These include pronouns and demonstratives 
such as it, that, this, these, those, there, and they. 

Appendix A.5. Negation Cue Matching 

Negation cues capture negated or restrictive expressions that alter the interpretation 
of user intent, independent of domain ontology. These include negation markers such as 
no, not, never, without, except, and restrictive quantifiers such as few, hardly, rarely, 
scarcely, and barely, as well as contracted forms such as n’t. 

The complete feature-extraction rule sets, aliases, normalization mappings, and reg-
ular-expression patterns are available from the corresponding author upon reasonable re-
quest. 

Appendix B 
Table A1 presents the complete prompt template used for LLM-based NLU inference. 

The bracketed fields were dynamically populated for each test instance using the current 
user utterance, dialogue history, previous dialogue state, and domain-specific schema in-
formation. The same prompt template and output-parsing procedure were applied con-
sistently across all test instances. 

Table A1. Prompt Used for LLM-Based NLU Inference. 

Prompt 
You are an NLU system for task-oriented dialogue. Extract the intent and the slots ex-
pressed or changed in the CURRENT user utterance. 
 
## Intents 
find_hotel, book_hotel, find_restaurant, book_restaurant, find_train, book_train, 
find_taxi, find_attraction, find_hospital, find_police, find_bus, no_intent 
 
## Valid Slots (ONLY use slots from this list) 
hotel: 
hotel-pricerange, hotel-type, hotel-parking, hotel-bookday, 
hotel-bookpeople, hotel-bookstay, hotel-area, hotel-stars, 
hotel-internet, hotel-name 
 
restaurant: 
restaurant-food, restaurant-pricerange, restaurant-area, 
restaurant-name, restaurant-bookday, restaurant-bookpeople, 
restaurant-booktime 
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train: 
train-departure, train-destination, train-day, 
train-arriveby, train-leaveat, train-bookpeople 
 
taxi: 
taxi-leaveat, taxi-destination, taxi-departure, taxi-arriveby 
 
attraction: 
attraction-type, attraction-area, attraction-name 
 
## Rules 
- Output ONLY the two lines below. No notes, no explanations, no extra text. 
- Use ONLY intents from the Intents list above. 
- Use ONLY slot names from the Valid Slots list above. 
- Extract the intent from the CURRENT user utterance. 
- For slots, return ONLY slots newly mentioned or changed in the CURRENT user utter-
ance. 
- Do NOT repeat unchanged slots from [PREV]. 
- If the user changes a slot value (e.g., “actually make it expensive”), output the slot with 
the new value. 
- If the user explicitly says they do not care about a constraint (e.g., “any area is fine”, 
“doesn’t matter”, “I don’t care”), output that slot with value “dontcare”. 
- If the user mentions a specific entity name from the system’s recommendation, extract it 
as the name slot (e.g., hotel-name, restaurant-name). 
- For unknown values never write “not specified” or “unknown”—omit the slot entirely. 
- Use lowercase canonical values: “centre”, “cheap”, “yes”, “no”, “dontcare”, and lower-
case day names (“monday”, “tuesday”, etc.). 
 
## Input Format 
[PREV]: <previous accumulated slots> 
SYSTEM: <system utterance> 
USER: <current utterance to analyze> 
 
## Output Format 
intent: <intent_name> 
slots: <slot1>=<value1>, <slot2>=<value2> 
 
(If no new or changed slots → slots: none) 
 
## Examples 
 
### Example 1 
[PREV]: 
USER: I need a cheap hotel in the centre with free wifi 
 
intent: find_hotel 
slots: hotel-pricerange=cheap, hotel-area=centre, hotel-internet=yes 
 
### Example 2 
[PREV]: hotel-pricerange=cheap, hotel-area=centre, hotel-internet=yes 
SYSTEM: I recommend the Lovell Lodge. It has free wifi and is in the centre. 
USER: That sounds great. Please book it for 3 people, 2 nights starting Friday. 
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intent: book_hotel 
slots: hotel-name=lovell lodge, hotel-bookpeople=3, hotel-bookstay=2, hotel-bookday=fri-
day 
 
### Example 3 
[PREV]: hotel-area=centre, hotel-pricerange=cheap 
USER: I don’t care about the area anymore 
 
intent: find_hotel 
slots: hotel-area=dontcare 
 
### Example 4 
[PREV]: 
USER: I want a restaurant that serves italian food in the centre 
 
intent: find_restaurant 
slots: restaurant-food=italian, restaurant-area=centre 
 
### Example 5 
[PREV]: restaurant-food=italian, restaurant-area=centre 
SYSTEM: I recommend Pizza Hut City Centre. 
USER: Book a table for 4 at 19:00 on saturday 
 
intent: book_restaurant 
slots: restaurant-name=pizza hut city centre, restaurant-bookpeople=4, restaurant-book-
time=19:00, restaurant-bookday=saturday 
 
### Example 6 
[PREV]: 
USER: I need a train from cambridge to london on friday 
 
intent: find_train 
slots: train-departure=cambridge, train-destination=london, train-day=friday 
 
### Example 7 
[PREV]: 
USER: I also need a taxi from the hotel to the restaurant, leaving by 14:00 
 
intent: find_taxi 
slots: taxi-departure=the hotel, taxi-destination=the restaurant, taxi-leaveat=14:00 
 
### Example 8 
[PREV]: 
USER: Thank you, that’s all I need 
 
intent: no_intent 
slots: none 

Appendix C 
Table A2 reports the final domain- and gate-specific thresholds used by the proposed 

sequential router. The thresholds represent the minimum predicted sufficiency 
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probability required to select the corresponding model level at each sequential gate. Can-
didate thresholds were searched on the development set from 0.05 to 0.95 in increments 
of 0.05. The selected values were fixed before test-set evaluation. Each threshold was ap-
plied to the probability output of the corresponding domain- and gate-specific sufficiency 
classifier. Because the classifiers were trained separately for each domain and gate, their 
probability distributions are not necessarily calibrated to a common scale. In addition, 
Gate 2 and Gate 3 operate only on samples rejected by the preceding gates. Therefore, the 
numerical threshold values should not be interpreted as directly comparable measures of 
domain difficulty or model capability across domains and gates. The selected thresholds 
show that the acceptance criterion varies according to both the domain and the model 
level. For example, Hotel and Attraction use relatively high thresholds at both the RBS 
and Lite-LM gates, whereas Taxi and No Domain use lower thresholds across multiple 
gates. Restaurant uses the highest RBS threshold, while Train uses a relatively high thresh-
old at the Base-LM gate. These values indicate that a single global threshold was not ap-
plied uniformly; instead, the operating point of each gate was determined using its devel-
opment-set routing behavior. Threshold values at the boundaries of the search range, in-
cluding 0.05 and 0.95, were selected from the predefined candidate grid based on the de-
velopment-set selection procedure. A threshold of 0.05 means that a sample is assigned to 
the corresponding model only when it reaches that gate and its predicted sufficiency prob-
ability is at least 0.05. A threshold of 0.95 applies the same decision rule with a minimum 
predicted sufficiency probability of 0.95. These values define gate-specific decision criteria 
and do not directly represent domain difficulty. 

Table A2. Domain-Wise Gate-Specific Thresholds for the Proposed Sequential Router. 

Domain Gate 1 Threshold (RBS) Gate 2 Threshold (Lite-LM) Gate 3 Threshold (Base-LM) 
Hotel 0.90 0.85 0.40 

Restaurant 0.95 0.45 0.30 
Train 0.85 0.55 0.50 
Taxi 0.45 0.05 0.05 

Attraction 0.90 0.85 0.05 
No Domain 0.05 0.05 0.05 

Table A3 reports the final domain-specific confidence thresholds used by the confi-
dence cascade. Since the RBS does not produce a continuous confidence score, inputs were 
retained at the RBS stage only when the predefined rules were matched; otherwise, they 
were forwarded to Lite-LM. Therefore, the RBS threshold is denoted by “–”. At the Lite-
LM and Base-LM stages, inputs with post-inference confidence scores below the reported 
thresholds were forwarded to the next model level. The thresholds in Tables A2 and A3 
are applied to different decision signals. In the proposed router, each threshold is applied 
before candidate-model execution to the estimated sufficiency score produced by the cor-
responding binary gate. In the confidence cascade, each threshold is applied after Lite-LM 
or Base-LM inference to the confidence score of the resulting prediction. 

Table A3. Domain-Wise Gate-Specific Thresholds for the Confidence Cascade. 

Domain Gate 1 Threshold (RBS) Gate 2 Threshold (Lite-LM) Gate 3 Threshold (Base-LM) 
Hotel - 0.90 0.70 

Restaurant - 0.80 0.70 
Train - 0.75 0.70 
Taxi - 0.60 0.80 

Attraction - 0.75 0.70 
No Domain - 0.80 0.85 
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Appendix D 
Appendix D reports a focused feature-group ablation analysis. The analysis exam-

ines how removing each difficulty dimension affects semantic performance and routing 
behavior. We compare the full representation with variants excluding task-level, contex-
tual, or surface-level features. 

To examine the contribution of the proposed multi-dimensional difficulty represen-
tation, we conducted a leave-one-group-out ablation using the full feature set as the ref-
erence. Task-level, contextual, and surface-level feature groups were removed separately, 
and the sequential router was retrained under the same experimental protocol. This de-
sign measures the marginal contribution of each feature group to the full representation, 
i.e., the extent to which the overall difficulty representation depends on that group. We 
evaluate how the removal of each group affects overall Semantic Accuracy (SemAcc), In-
tent Accuracy (IntentAcc), Slot F1, LLM call rate, UnderRouting, and OverRouting. 

Table A4 compares the overall semantic performance and routing behavior of the full 
feature set and the three leave-one-group-out configurations. Removing the task-level fea-
tures produced the largest performance decrease, with SemAcc declining by 9%p, Inten-
tAcc by 6%p, and Slot F1 by 5%p. This result indicates that task-level features are the most 
relevant to joint intent–slot difficulty among the three feature groups. Removing the con-
textual features reduced SemAcc by 5%p, whereas IntentAcc and Slot F1 declined by less 
than 1%p. Removing the surface-level features reduced all three accuracy metrics by only 
1%p, reflecting a smaller contribution to semantic performance. All ablated configurations 
reduced the LLM call rate by 2–3%p; however, this reduction was accompanied by a 5–
9%p increase in UnderRouting. This suggests that the lower LLM call rate did not reflect 
more accurate routing decisions, but rather a higher rate of assigning difficult utterances 
to models with insufficient capacity. OverRouting increased by 2%p after removing either 
the task-level or contextual features, whereas it decreased by 5%p after removing the sur-
face-level features, indicating that surface-level features are more closely associated with 
model escalation than with semantic accuracy. 

Table A4. Overall Results of the Feature-Group Removal Ablation. 

Feature Set SemAcc IntentAcc Slot F1 LLM Call Rate UnderRouting OverRouting 
Full 0.74 0.96 0.85 0.18 0.12 0.30 

w/o Task 0.65 0.90 0.80 0.16 0.21 0.32 
w/o Contextual 0.69 0.95 0.85 0.15 0.17 0.32 

w/o Surface 0.73 0.95 0.84 0.15 0.17 0.25 
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