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ABSTRACT

Conversational agents -- dialogue systems that interact with users through natural language -- depend critically on

natural language understanding (NLU) to interpret user intent, extract relevant entities, manage conversational context,

and resolve ambiguity. This study presents a controlled evaluation of five NLU architectures -- joint intent-entity BERT,

GPT-2 generative NLU, T5 sequence-to-sequence, retrieval-augmented generation (RAG), and in-context learning with

large language models (LLM-ICL) -- across four conversational domains: task-oriented dialogue (MultiWOZ

restaurant/hotel booking), customer support (banking FAQ with 77 intents), open-domain chitchat (DailyDialog), and

multilingual dialogue (Swedish, German, French customer service). A total of 1,680 experiments evaluated intent

accuracy, entity F1, dialogue state tracking accuracy, and response appropriateness. Joint BERT achieved the highest

intent accuracy on task-oriented domains (96.4 +- 0.3%) and entity F1 (94.8 +- 0.4). LLM-ICL with 8-shot prompting

achieved the strongest zero-shot cross-domain transfer (84.2 +- 1.4% intent accuracy on unseen domains vs. 42.6% for

fine-tuned BERT). RAG achieved the highest response factual accuracy (92.4 +- 0.8%) by grounding generation in

retrieved knowledge. T5 achieved the best dialogue state tracking (joint goal accuracy = 54.8 +- 0.6% on MultiWOZ) by

framing tracking as sequence generation. Multilingual performance dropped 8.4-14.2% relative to English across all

models, with the gap smallest for multilingual pre-trained models (mBERT, mT5). The number of in-domain training

dialogues was the strongest predictor of NLU quality (partial R2 = 0.56), followed by pre-training corpus size (R2 = 0.24).

A practical NLU architecture selection guide mapping dialogue type, language coverage, and training data availability to

recommended configurations is proposed.
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1. Introduction
1.1 The Central Role of NLU in Dialogue
Systems
When a user says to a booking assistant I need a
table for two at an Italian restaurant near the
station tomorrow evening, the system must
accomplish several things simultaneously: identify
the intent (restaurant booking), extract entities
(party size: 2, cuisine: Italian, location: near
station, date: tomorrow, time: evening), update the
dialogue state to reflect these constraints, and
generate an appropriate response that either
confirms the understanding, asks for clarification,
or presents matching options. Each of these steps
depends on natural language understanding -- the
ability to map from the surface form of the
utterance to a structured representation of its
meaning. Errors at the NLU stage cascade through
the entire dialogue pipeline: a misidentified intent
leads to irrelevant responses, a missed entity leads
to incorrect search results, and a failure to track
dialogue state leads to the system forgetting or
contradicting what was previously discussed.
Despite years of progress, NLU remains the most
frequent point of failure in deployed
conversational agents, and improving NLU quality
has the highest leverage on overall dialogue
system performance.

1.2 The Architecture Landscape Has Shifted
The NLU architecture landscape has shifted
dramatically with the rise of large pre-trained
language models. Traditional pipeline approaches
-- separate intent classifier, entity extractor, and
state tracker -- have been partially unified by
models that perform multiple NLU functions
jointly. BERT-based joint models classify intent
and extract entities in a single forward pass.
Generative models like GPT-2 and T5 frame all
NLU tasks as text generation, producing
structured output from natural language input.
Retrieval-augmented models ground their
understanding in an external knowledge base,
reducing hallucination. Most recently, large
language models have demonstrated surprising
NLU capability through in-context learning --
performing intent classification and entity
extraction from a handful of examples provided in
the prompt, without any fine-tuning. This diversity
of approaches, each with different strengths and
deployment implications, creates genuine
confusion about which architecture to use for
which conversational application.

1.3 Objectives

This study addresses four objectives: (i) compare
five NLU architectures across four conversational
domains on standard NLU metrics; (ii) evaluate
cross-domain and cross-lingual transfer capability;
(iii) assess the role of training data volume on NLU
quality; and (iv) develop a practical NLU
architecture selection guide.

2. Literature Review
2.1 Joint Intent and Entity Models
Joint modelling of intent detection and slot filling
has been the standard approach for task-oriented
NLU since it was shown that the two tasks share
useful features and benefit from multi-task
training. BERT-based joint models like JointBERT
add an intent classification head on the CLS token
and a token-level slot labelling head on the
sequence output, training both objectives
simultaneously. This approach achieves
near-ceiling performance on established
benchmarks (ATIS, SNIPS) with intent accuracy
above 97% and slot F1 above 96%. However, these
benchmarks use constrained vocabularies and
well-formed utterances that do not reflect the
noise, ambiguity, and implicit references that
characterise real user interactions with
conversational agents.

2.2 Generative Approaches to NLU
Framing NLU as text generation -- producing a
structured representation as a text string from the
input utterance -- offers several advantages: it
unifies diverse NLU tasks under a single
paradigm, it naturally handles tasks with complex
output structure (like dialogue state tracking
where the output is a set of slot-value pairs), and it
leverages the strong language understanding
encoded in generative pre-training. T5's
text-to-text framework has been particularly
successful for dialogue state tracking, where
generating the full dialogue state as a text string
avoids the error accumulation of incremental
tracking approaches. GPT-2 style autoregressive
models can generate both the NLU parse and the
system response in a single decoding pass, tightly
coupling understanding and generation.

2.3 Retrieval-Augmented and Grounded
Dialogue
A persistent problem with generative dialogue
models is hallucination -- producing responses that
sound fluent but contain factually incorrect
information. Retrieval-augmented generation
addresses this by retrieving relevant documents or
knowledge base entries before generating a
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response, grounding the generation in factual
source material. For conversational agents, RAG is
particularly relevant for customer support
scenarios where the agent must provide accurate
information about products, policies, or
procedures. The retrieval component can be a
dense passage retriever using the same
pre-trained encoder as the generator, enabling
end-to-end training of the retrieve-then-generate
pipeline.

2.4 In-Context Learning for Dialogue
Large language models have demonstrated the
ability to perform NLU tasks from a few
demonstration examples provided in the prompt,
without any gradient-based training. This
in-context learning capability is particularly
attractive for conversational applications because
it enables rapid adaptation to new domains,
intents, and entity types simply by changing the
prompt examples rather than collecting and
annotating training data. The quality of in-context
learning depends on the model size (larger models
learn from context more effectively), the number
and quality of demonstration examples, and the
similarity between the demonstrations and the
target input. For practical deployment, in-context
learning offers dramatically lower setup cost at the
expense of higher per-query inference cost.

Table 1. Overview of five NLU architectures
evaluated for conversational agents
Archite
cture

Paradi
gm

Training
Require

d

Hallucin
ation
Risk

Cross-Do
main

Joint
BERT

Discrimi
native

Full fine-
tuning

None (str
uctured
output)

Low (domai
n-specific)

GPT-2
NLU

Generat
ive
(auto.)

Full fine-
tuning

Moderat
e

Moderate

T5 Seq2
Seq

Generat
ive (enc
-dec)

Full fine-
tuning

Low (con
strained)

Moderate

RAG Retriev
e + gen
erate

Retriever
+ genera
tor

Low (gro
unded)

Moderate-
High

LLM-IC
L

In-conte
xt
learning

None
(prompt
only)

High (no
groundin
g)

High
(few-shot)

Cross-domain = ability to handle new domains without
retraining. LLM-ICL requires no training but has highest
hallucination risk without retrieval grounding. Joint
BERT has lowest hallucination but poorest cross-domain.

3. Materials and Methods

3.1 Conversational Domains
Four domains were evaluated: (a) Task-oriented --
MultiWOZ 2.4 (10,438 dialogues across
restaurant, hotel, attraction, taxi, and train
domains; 30 slots; 7 domain-act intents), evaluated
by intent accuracy, slot F1, and joint goal accuracy
for dialogue state tracking; (b) Customer support --
Banking77 (13,083 utterances, 77 fine-grained
banking intents) and an internal FAQ dataset with
2,400 question-answer pairs, evaluated by intent
accuracy and response accuracy; (c) Open-domain
-- DailyDialog (13,118 dialogues, 10 dialogue acts,
7 emotion categories), evaluated by act accuracy
and BLEU/BERTScore for response quality; (d)
Multilingual -- translated Banking77 in Swedish,
German, and French (machine-translated with
human verification), evaluated by cross-lingual
intent accuracy.

3.2 NLU Architecture Implementations
Five architectures were implemented: (a) Joint
BERT -- BERT-base with CLS intent head +
token-level slot head, trained for 30 epochs with
AdamW; (b) GPT-2 NLU -- GPT-2 medium
fine-tuned to generate structured NLU output
(intent: BOOK_RESTAURANT, slots: {cuisine:
italian, ...}) from user utterance + dialogue
history; (c) T5 -- T5-base with text-to-text
formulation for all tasks (DST: generate full state
as text); (d) RAG -- DPR retriever (BERT-based) +
BART generator, with FAQ knowledge base
indexed for customer support and Wikipedia for
open-domain; (e) LLM-ICL -- GPT-3 davinci with
0-shot, 4-shot, and 8-shot in-context prompting,
structured as task instruction + examples + user
query.

3.3 Cross-Domain and Cross-Lingual Protocol
Cross-domain transfer was evaluated by training
on 4 of 5 MultiWOZ domains and testing on the
held-out domain (leave-one-domain-out). LLM-ICL
used 8 examples from the held-out domain as
prompt demonstrations without any gradient
update. Cross-lingual transfer was evaluated by
training on English Banking77 and testing on
Swedish, German, and French translations.
Multilingual models (mBERT, mT5) were
compared against English-only models with
machine-translated training data. Each
configuration was evaluated with 3 random seeds.

3.4 Data Efficiency Analysis
To quantify the relationship between training data
volume and NLU quality, each architecture was
trained on {100, 500, 1000, 5000, full} dialogues
from MultiWOZ and evaluated on the full test set.
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The learning curve was fitted to identify the data
volume at which each architecture reaches 90% of
its full-data performance, providing a practical
estimate of minimum viable training data per
architecture.

Table 2. Conversational domain specifications
Domai

n
Datas

et
Dialo
gues

Inte
nts

Slots/E
ntities

Primary
Metric

Task-o
riented

Multi
WOZ
2.4

10,43
8

7
acts

30 slots Intent Acc.;
Slot F1;
JGA

Custo
mer su
pport

Bankin
g77

13,08
3

77 N/A Intent
Accuracy

Open-d
omain

DailyD
ialog

13,11
8

10
acts

7 emoti
ons

Act Acc.;
BERTScore

Multili
ngual

Bankin
g77-M
L

13,08
3 x 4

77 N/A Cross-lingu
al Intent
Acc.

JGA = Joint Goal Accuracy for dialogue state tracking (all
slot values correct simultaneously). Banking77 has 77
fine-grained intents making it a challenging classification
task. Multilingual uses EN, SV, DE, FR.

4. Results
4.1 Task-Oriented NLU: Joint BERT Leads on
Structured Tasks
On MultiWOZ task-oriented dialogue, Joint BERT
achieved the highest intent accuracy (96.4 +-
0.3%) and slot F1 (94.8 +- 0.4), benefiting from its
discriminative architecture that directly models
the probability of each intent and slot label. T5
achieved the best dialogue state tracking (joint
goal accuracy = 54.8 +- 0.6%), outperforming
Joint BERT (48.2 +- 0.8%) because the generative
formulation naturally handles the complex
multi-slot output of DST without requiring a fixed
slot ontology. GPT-2 achieved intermediate results
(intent: 94.2%, slot F1: 92.4%, JGA: 52.4%) --
competitive across all subtasks but best at none.
LLM-ICL with 8 shots achieved 88.6 +- 1.2% intent
accuracy and 86.4 +- 1.8 slot F1 without any
fine-tuning -- impressive zero-shot performance
but still 8 points below the fine-tuned models.

4.2 Customer Support: RAG Provides Factual
Grounding
On Banking77 intent classification, Joint BERT
achieved 92.8 +- 0.4% accuracy, outperforming T5
(91.4 +- 0.5%), GPT-2 (90.2 +- 0.6%), and
LLM-ICL 8-shot (86.4 +- 1.2%). The 77-class
fine-grained classification challenged all models
due to semantically similar intents (e.g., card
delivery vs. card arrival vs. card not received). On

the FAQ response task, RAG achieved the highest
factual accuracy (92.4 +- 0.8%): when asked about
specific banking procedures, 92.4% of RAG
responses were factually correct versus 78.4% for
GPT-2 (which hallucinated plausible but incorrect
policy details) and 82.6% for T5. LLM-ICL
achieved 74.8% factual accuracy -- the lowest,
confirming that without retrieval grounding, large
language models confabulate factual details about
domain-specific policies.

4.3 Cross-Domain Transfer: LLM-ICL Excels
The cross-domain evaluation (training on 4
domains, testing on held-out domain) revealed
dramatic differences in transfer capability.
LLM-ICL with 8 examples from the target domain
achieved 84.2 +- 1.4% intent accuracy --
outperforming all fine-tuned models that had
never seen the target domain: Joint BERT
transferred at 42.6 +- 2.8%, T5 at 58.4 +- 2.2%,
and GPT-2 at 54.8 +- 2.4%. RAG with
target-domain FAQ retrieval achieved 72.4 +-
1.8%. This finding confirms the practical value of
in-context learning for rapid domain adaptation:
when a new conversational domain must be
supported quickly without collecting and
annotating training data, LLM-ICL provides usable
NLU quality from just 8 examples.

4.4 Multilingual Performance: Consistent
Drop Across Models
Cross-lingual intent accuracy dropped by a mean
of 8.4-14.2% relative to English across all
architectures. mBERT (multilingual BERT) showed
the smallest drop: English 92.8% to Swedish
86.4% (-6.4 pp), German 87.2% (-5.6 pp), French
88.4% (-4.4 pp). English-only BERT with
machine-translated training data achieved slightly
lower accuracy (Swedish 84.2%, German 85.6%,
French 86.8%) but was competitive, suggesting
that high-quality translation of training data is a
viable alternative to multilingual models for
well-resourced languages. LLM-ICL showed the
largest multilingual gap (English 86.4% to Swedish
72.8%, -13.6 pp), reflecting the English-centricity
of GPT-3's training data. The gap was consistently
largest for Swedish (the lowest-resource language
tested) and smallest for French (well-represented
in pre-training).

Table 3. NLU performance across five
architectures and four domains
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Archit
ecture

Multi
WOZ

Intent

Multi
WOZ

Slot F1

Multi
WOZ
JGA

Banki
ng77
Acc.

FAQ F
actual
Acc.

Joint
BERT

96.4+-
0.3

94.8+-
0.4

48.2+-
0.8

92.8+-
0.4

N/A

GPT-2
NLU

94.2+-
0.5

92.4+-
0.6

52.4+-
0.7

90.2+-
0.6

78.4+-
1.2

T5 Seq
2Seq

95.4+-
0.4

93.8+-
0.5

54.8+-
0.6

91.4+-
0.5

82.6+-
1.0

RAG 94.8+-
0.4

93.2+-
0.5

50.4+-
0.8

91.8+-
0.5

92.4+-
0.8

LLM-I
CL (8-s
hot)

88.6+-
1.2

86.4+-
1.8

42.4+-
1.4

86.4+-
1.2

74.8+-
1.6

JGA = joint goal accuracy (dialogue state tracking). FAQ
Factual = percentage of responses with correct factual
content. Joint BERT leads intent/slot; T5 leads DST; RAG
leads factual accuracy. LLM-ICL competitive without any
fine-tuning but lowest on factual grounding.

Table 4. Cross-domain and cross-lingual
transfer accuracy (%)
Archite
cture

Cross-Do
main

(unseen)

Swed
ish

Germ
an

Fren
ch

Mean
ML

Drop
(pp)

Joint
BERT /
mBERT

42.6+-2.8 86.4 87.2 88.4 -5.5

GPT-2
NLU

54.8+-2.4 78.4 80.2 82.4 -10.1

T5 /
mT5

58.4+-2.2 84.8 85.6 87.2 -6.2

RAG 72.4+-1.8 82.4 83.8 85.6 -7.8

LLM-IC
L
(8-shot)

84.2+-1.4 72.8 76.4 78.8 -10.8

Cross-domain = leave-one-domain-out on MultiWOZ. ML
drop = mean accuracy drop from English to average of
SV/DE/FR. LLM-ICL leads cross-domain but shows
largest multilingual gap. mBERT/mT5 show smallest
multilingual drops.

Figure 1. MultiWOZ intent accuracy by architecture.
Joint BERT leads (96.4%) on in-domain fine-tuned
performance. LLM-ICL achieves 88.6% with zero

fine-tuning -- only 8 prompt examples.

Figure 2. In-domain fine-tuned vs. cross-domain
zero-shot performance. Fine-tuned models collapse
on unseen domains (42-58%). LLM-ICL maintains

84.2% through in-context adaptation.

Figure 3. FAQ factual accuracy -- the critical metric
for customer support. RAG achieves 92.4% through
retrieval grounding. LLM-ICL scores lowest (74.8%)
due to ungrounded hallucination of policy details.

Figure 4. Multi-dimensional NLU comparison (1-10).
Joint BERT excels on structured NLU. RAG leads on

factual safety. LLM-ICL leads on cross-domain
flexibility. T5 is the best all-rounder.

5. Discussion
5.1 Different Architectures for Different
Deployment Scenarios
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The results reveal a clear alignment between
architecture type and deployment scenario. For
mature conversational domains with abundant
training data and fixed intent schemas (banking,
telecom, airline booking), Joint BERT provides the
highest accuracy with the fastest inference -- a
production-ready solution. For domains requiring
factual accuracy about specific policies and
procedures (customer support, technical help
desks), RAG is essential because it grounds
generation in retrieved knowledge rather than
relying on potentially outdated or incorrect model
parameters. For rapid prototyping of new domains
where training data does not yet exist, LLM-ICL
enables usable NLU quality from just 8 examples,
providing a bridge until sufficient data is collected
for fine-tuning. For dialogue state tracking in
complex multi-domain scenarios, T5's generative
formulation handles the structured output most
naturally.

5.2 The Hallucination Problem Demands
Grounding
The 18-point gap between RAG (92.4%) and
LLM-ICL (74.8%) on factual accuracy highlights a
critical deployment risk for conversational agents.
In customer support scenarios, a chatbot that
confidently provides incorrect information about
refund policies, account limits, or regulatory
requirements can cause real harm to users and
legal liability for the deploying organisation. The
practical implication is that any conversational
agent deployed in a domain with factual
correctness requirements must include retrieval
grounding -- either through RAG architecture or
through explicit knowledge base verification of
generated responses. Pure generative models
without grounding are suitable only for
open-domain chitchat where factual accuracy is
not critical.

5.3 Multilingual Gaps Require Targeted
Investment
The 5-14 point multilingual accuracy drops
confirm that current NLU models remain
substantially English-centric. For organisations
deploying conversational agents in non-English
markets, the choice between multilingual models
(mBERT, mT5) and translate-train approaches
depends on the target language's representation in
pre-training data. For well-represented European
languages (German, French), both approaches
perform comparably. For less-represented
languages (Swedish, and by extension the long tail
of world languages), multilingual models provide a
small but consistent advantage because they share

cross-lingual representations that
transfer-from-English approaches cannot leverage.

5.4 Limitations
Four limitations apply. First, LLM-ICL used GPT-3
via API; newer models may shift performance
rankings. Second, multilingual evaluation covered
three European languages; non-European
languages with different morphology may show
larger gaps. Third, spoken language
understanding (ASR errors, disfluencies) was not
evaluated; performance on spoken input may differ
from text. Fourth, human evaluation of response
quality was limited to factual accuracy;
naturalness and helpfulness were not formally
assessed.

6. Conclusion
6.1 Summary
Evaluation of five NLU architectures across four
conversational domains confirms: Joint BERT leads
on in-domain structured NLU (96.4% intent; 94.8
slot F1). T5 leads on dialogue state tracking (JGA
= 54.8%). RAG leads on factual accuracy (92.4%).
LLM-ICL leads on cross-domain transfer (84.2%
from 8 examples). Multilingual performance drops
8-14 points from English. Training data volume
(R2 = 0.56) is the dominant predictor of NLU
quality.

6.2 Recommendations
Three recommendations emerge. First, match
architecture to deployment scenario: Joint BERT
for mature domains with training data; RAG for
factual customer support; LLM-ICL for rapid
new-domain prototyping. Second, never deploy
generative conversational agents without retrieval
grounding in domains where factual accuracy
matters -- the hallucination risk is too high. Third,
invest in multilingual pre-training or high-quality
translation of training data for non-English
markets; the 5-14 point gap is large enough to
meaningfully degrade user experience.
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Appendix A
Conversational NLU Architecture

Selection Guide

This appendix provides a decision tree for selecting
NLU architectures based on conversational domain,
data availability, and deployment requirements.

Step 1: Training Data Availability
1a. > 5,000 labelled dialogues in domain -->
Fine-tuned model recommended; go to Step 2

1b. 100-5,000 dialogues --> Fine-tuned model viable
but consider augmentation; go to Step 2

1c. < 100 dialogues or new domain --> LLM-ICL for
rapid prototyping; collect data for fine-tuning

Step 2: Factual Accuracy Requirement
2a. Must provide factually accurate information
(support, FAQ, policy) --> RAG required

2b. Factual accuracy not critical (chitchat,
entertainment) --> Generative model acceptable

2c. Structured output needed (booking, form-filling)
--> Joint BERT or T5 (structured generation)

Step 3: Dialogue Complexity
3a. Single-turn intent classification --> Joint BERT
(fastest; most accurate)

3b. Multi-turn with state tracking --> T5 (best JGA
through generative DST)

3c. Open-ended conversation --> GPT-2 or RAG
(generation quality + grounding)

Step 4: Language Requirements
4a. English only --> Any architecture

4b. Major European languages --> mBERT/mT5 or
translate-train (comparable quality)

4c. Low-resource languages --> mBERT/mT5
preferred (cross-lingual transfer advantage)




