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Abstract

Task-oriented dialogue (ToD) systems aim
to help users accomplish goals through nat-
ural language interaction. Beyond task suc-
cess, effective ToD systems must also main-
tain positive emotional interaction and ac-
curately convey information in inherently
noisy and ambiguous conversational envi-
ronments. Recent advances in large lan-
guage models (LLMs) have substantially
improved conversational fluency and con-
textual understanding. However, although
emotion has been incorporated into exist-
ing ToD systems, its integration is typi-
cally confined to limited roles, restricting
its influence on overall dialogue behaviour
and user experience. To address this, we
propose a novel end-to-end framework that
combines fully lexicalised representations
with an LLM backbone for improved se-
mantic accuracy and employs online rein-
forcement learning with short-term emo-
tional and long-term task-success rewards
for joint optimisation of emotional interac-
tion and task success. We further develop
a challenging and realistic simulation envi-
ronment that enables systematic evaluation
across diverse ToD set-ups. Experiments
show that incorporating coarse affective sig-
nals improves task success and sentiment
rating in aggregate. Furthermore, integrat-
ing emotional interaction throughout the di-
alogue system using our proposed frame-
work results in more pronounced improve-
ments in both task success and user emo-
tional experience.1

1 Introduction

Conversational artificial intelligence (AI) enables
machines to engage in natural, human-like inter-
actions using spoken or written language. The

1Code can be found at https://gitlab.cs.uni-
duesseldorf.de/general/dsml/luster-public.

rapid advancement of large language models
(LLMs) has significantly enhanced conversational
AI (Grattafiori et al., 2024; Qwen Team, 2026).
Trained on vast amounts of text data, LLMs can
generate fluent, context-aware responses and fol-
low complex instructions, significantly improv-
ing the capabilities of chat applications (OpenAI,
2023; DeepSeek-AI, 2025).

Among these applications, task-oriented dia-
logue (ToD) systems aim to help users accomplish
specific goals through multi-turn natural language
interaction (Jurafsky and Martin 2025, see Fig-
ure 1). Traditionally, ToD optimisation has fo-
cused primarily on task success. However, ef-
fective interactions also require maintaining pos-
itive emotional experiences and conveying infor-
mation accurately in inherently noisy and ambigu-
ous conversational settings (Picard, 1997; Feng
et al., 2022). High-performing ToD systems must
therefore balance task success, emotional interac-
tion, and semantic correctness.

In recent years, there has been growing interest
in incorporating emotional intelligence into ToD
systems. However, despite this progress, emo-
tion is typically integrated in a limited scope. In
modular systems, it is often used as an additional
reward signal for policy optimisation; in end-to-
end models, it appears as an auxiliary supervi-
sion objective; and in agentic systems, it is im-
plicitly addressed through general-purpose prefer-
ence alignment. Consequently, emotion influences
behaviour locally rather than shaping system-wide
dialogue behaviour. Improvements in module per-
formance or model scale do not necessarily trans-
late into better emotional interaction.

To investigate the impact of emotion, we use
“emotion” in a deliberately well-defined and op-
erational scope. Our question is therefore nar-
rower and better controlled: can these structured
affective signals be integrated into end-to-end ToD
optimisation and used alongside task success to
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Figure 1: Goal-driven Human-machine Interaction

shape system behaviour?
In this work, we treat emotional interaction as a

first-class objective in ToD and investigate how its
complete integration into end-to-end system opti-
misation can shape dialogue behaviour in useful
ways, especially in repair, clarification, and user-
experience-sensitive situations.

Our contributions are threefold:

• We propose LUSTER, an end-to-end task-
oriented dialogue framework that integrates
coarse affective interaction signals into
system-level optimisation. LUSTER com-
bines fully lexicalised generation with an
LLM backbone and online RL using short-
term affective and long-term task-success re-
wards.

• We evaluate LUSTER across multiple LLM
backbones, reward configurations, and hu-
man and automatic evaluations. Results show
that affect-aware optimisation improves task
success and sentiment rating in aggregate,
while its effect on semantic accuracy is mixed
across configurations.

• We provide a behavioural analysis of human
evaluation logs showing that the main differ-
ences induced by affect-aware optimisation
arise in repair, clarification, and affective clo-
sure behaviour.

2 Related Work

2.1 Modular Systems

Traditional ToD systems adopt a modular pipeline
consisting of natural language understanding
(NLU), dialogue state tracking (DST), dialogue

policy learning, natural language generation
(NLG), and database querying supported by an
ontology (Young, 2002). These components are
typically trained independently, with NLU, DST,
and NLG optimised via supervised learning (SL)
and the dialogue policy trained using reinforce-
ment learning (RL; Young et al. 2013) through in-
teraction with real (Gašić et al., 2013) or simulated
users (Lin et al., 2022).

To manage the complexity of the action space,
policies commonly output delexicalised actions,
which are later realised into natural language re-
sponses using database values. While this ab-
straction simplifies policy learning, it separates
decision-making from surface realisation and lim-
its joint optimisation across components.

Emotion integration in modular systems pri-
marily occurs at the policy level. Prior work
introduces emotion signals as additional policy
inputs (Zhu et al., 2024) or auxiliary RL re-
wards (Zhang et al., 2021), enabling policies to
adapt to users’ affective states. However, optimi-
sation remains confined to the policy, while other
modules are fixed after independently training. As
a result, emotional signals influence behaviour lo-
cally without reshaping system-wide representa-
tions, leading to misalignment among modules
during full-system interaction.

Recent work, such as EmoLoop (Feng et al.,
2024a), partially mitigates this limitation by op-
timising an emotion-aware policy using natural-
language interaction (Figure 2b). Nevertheless,
only policy parameters are updated, leaving up-
stream and downstream components unchanged.
The long-standing problem of error propagation
across modular pipelines remains unresolved.

2.2 End-to-end Systems

To address limitations of modular pipelines, end-
to-end ToD systems unify dialogue modelling
within a single learnable architecture. Early work
builds fully trainable neural models (Wen et al.,
2017), while recent approaches leverage decoder-
only language models to autoregressively map dia-
logue history to belief states, dialogue actions, and
system responses (Hosseini-Asl et al., 2020; Peng
et al., 2021) (Figure 2c).

Despite this unified formulation, many end-
to-end systems retain design choices inherited
from modular pipelines, particularly the use of
delexicalised placeholders that are later replaced
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Figure 2: ToD system training paradigms. Red arrows indicate learning signals for components in dotted boxes.

with database values. While this abstraction
facilitates SL and evaluation, it separates se-
mantic grounding from response generation and
may cause fragility during interactive deploy-
ment (Feng et al., 2024a).

End-to-end ToD systems are predominantly
trained via SL, with some works incorporating RL
to improve performance, for example, through be-
haviour cloning with critic-based filtering (Jang
et al., 2022) or latent action representations (Lubis
et al., 2020). However, these strategies primarily
target task success and response quality.

Emotion has been incorporated through aux-
iliary objectives such as emotion recognition
(Stricker and Paroubek, 2024), enabling models
to condition responses on inferred user affect.
While such multi-task formulations improve per-
formance, emotional interaction remains a supple-
mentary supervision signal rather than a system-
level optimisation objective, limiting its influence
on overall dialogue behaviour.

2.3 Agentic Systems
The emergence of general-purpose LLMs has
enabled agentic ToD systems that perform dia-
logue reasoning through prompting rather than
task-specific training. These systems adapt to
new tasks using instructions or demonstrations in

zero- or few-shot settings, often employing tech-
niques such as chain-of-thought prompting or self-
refinement to improve reasoning consistency (Wei
et al., 2022; Yao et al., 2023).

Such capabilities have been applied to system
components (slot filling (Sun et al., 2024), dia-
logue state tracking (Heck et al., 2023), emotion
recognition (Feng et al., 2024b), ontology con-
struction (Vukovic et al., 2024) and fully prompt-
driven ToD agents (Li et al., 2024). While
highly flexible, agentic systems remain sensitive
to prompt design, exhibit variability across inter-
actions, and lack the robustness achieved by task-
specific optimisation (Hudeček and Dušek, 2023).

Emotion in agentic systems is incorporated pri-
marily through implicit alignment or prompting.
RL from human feedback (RLHF) encourages
generally polite or empathetic behaviour (Ouyang
et al., 2022). However, such preferences consti-
tute multiple reward factors and are not explicitly
aligned with the core objectives of ToDs, namely
short-term user sentiment and long-term task suc-
cess. Alternatively, emotional behaviour can
be specified through prompt instructions, making
emotion a behavioural guideline imposed at infer-
ence time rather than a learnable optimisation ob-
jective. Hence, emotional interaction is not explic-
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itly optimised during dialogue learning in existing
agentic ToD systems.

Prior dialogue systems have used categorical
affect or sentiment labels for emotion recogni-
tion, response style control, and policy optimi-
sation. Across modular, end-to-end, and agen-
tic paradigms, however, such signals typically in-
fluence behaviour locally rather than serving as
system-level optimisation objectives. This moti-
vates our development of LUSTER, a unified end-
to-end ToD framework that incorporates coarse af-
fective signals directly into optimisation. Our con-
tribution is therefore not the use of categorical af-
fect itself, but a framework for treating such affec-
tive signals as optimisation targets alongside task
success, and an empirical study of how this de-
sign interacts with task completion, post-dialogue
user sentiment, semantic expression, and observ-
able dialogue behaviour. This distinction is impor-
tant because affective style alone does not guaran-
tee task success, while task success alone does not
guarantee a positive user experience.

3 LUSTER: LLM-based Unified System
for Task-oriented dialogue with
End-to-end Reinforcement Learning

LUSTER integrates emotional interaction into
both inference and optimisation, enabling dia-
logue behaviour to be jointly shaped by task suc-
cess and affective outcomes. The framework
adopts an end-to-end architecture built on a pre-
trained LLM backbone, operates on fully lexi-
calised sequences, and employs online RL with
short-term emotional and long-term task-success
rewards.

Section 3.1 describes the sequential inference
process, while Sections 3.2 and 3.4 present the key
design choices distinguishing LUSTER from prior
LM-based end-to-end ToD systems. Section 3.3
describes the scope of emotion used in this work.

3.1 Inference with LUSTER

LUSTER models ToD as a sequence of struc-
tured generation stages in which intermediate se-
mantic and affective representations are explicitly
generated and reused to guide subsequent deci-
sions (Figure 3). Beyond traditional ToD subtasks
(DST, policy learning, NLG), the framework in-
corporates user emotion recognition and system
conduct selection as intermediate decisions, al-
lowing affective information to influence down-

stream reasoning and response generation.
Unlike prior LM-based end-to-end systems

that separate generation stages using special to-
kens (e.g., <|state|>), LUSTER adopts a
lightweight prefix-based format inspired by Li
and Liang (2021), where each task begins with
a natural-language cue (e.g., “state :”) and ter-
minates with a standard end-of-sequence token.
This design improves compatibility with pre-
trained LLM tokenisers and stabilises training un-
der parameter-efficient fine-tuning.

At each dialogue turn, LUSTER generates in-
termediate representations in the following fixed
sequence.

Step 0: Dialogue History Encoding At the t-
th turn, LUSTER receives a dialogue history Ht,
constructed as an alternating sequence of user and
system utterances, concluding with the most re-
cent user input:

Ht := {user : uusr,1, system : usys,1, . . . , user : uusr,t} (1)

Step 1: User Emotion Recognition The model
first predicts the user’s emotional state et by se-
lecting the token from a discrete set of emotions
E corresponding to the highest logit score:

et = argmaxe∈E LLM(Ht, “emotion :”).logit(e) (2)

Step 2: Active Domain Recognition Next, the
model identifies the active domain dt from the pre-
defined set of domains D:

dt = argmaxd∈D LLM(Ht, et, “domain :”).logit(d) (3)

Step 3: Dialogue State Tracking The dialogue
state dst is generated for the selected domain to
maintain domain relevance and reduce unneces-
sary context expansion. All m ontology slots are
filled with generated values, candidate selections,
or “unknown” when absent:

dst := {slot1 : value1; ...; slotm : valuem} (4)

dst = LLM(Ht, et, dt, “state :”) (5)

Step 4: Database Query Matching entries ent
are retrieved from the database based on the dia-
logue state. The database description dbt includes
the number of matching entities and all attribute-
value pairs of the first matched entity:

ent = database.query(dt, dst) (6)

dbt := {len(ent) found : attr val ∀(attr, val) ∈ ent[0]} (7)
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user : I am looking for ... </s> emotion : neutral </s> state : price=xxx </s> database : 27 available, 
name: xxx, ... </s>

action : inform name xxx </s> conduct : enthusiastic </s> system : xxx is nice ... </s>domain : hotel </s>

Database

LLM

 query 

User Emotion Recognition Active Domain Recognition Dialogue State Tracking Dialogue Action Prediction System Conduct Selection System Response GenerationIntermediate Tasks

Figure 3: LUSTER model architecture and supervised training objectives.

Step 5: Dialogue Action Prediction Next, the
model generates dialogue actions dat as intent-
slot-value tuples:

dat := {intent1 slot1 value1; ...} (8)

dat = LLM(Ht, et, dt, dst, dbt, “action :”) (9)

Step 6: System Conduct Selection The sys-
tem’s emotional stance ct is then selected from a
set of conducts C, determining the affective be-
haviour in the final response.

ct = argmax
c∈C

LLM(Ht, et, dt, dst, dbt, dat,

“conduct :”).logit(c)
(10)

Step 7: System Response Generation The final
response usys,t is generated conditioned on the full
context:

usys,t = LLM(Ht, et, dt, dst, dbt, dat, ct, “system :”)
(11)

The response is jointly conditioned on user
emotion, semantic state, database grounding, di-
alogue actions, and affective conduct, where emo-
tion influences both reasoning and generation.

3.2 Fully Lexicalised Representation
LUSTER adopts a fully lexicalised representa-
tion in which both intermediate reasoning and
final responses are expressed directly in natural
language. Unlike modular and prior end-to-end
systems that rely on delexicalised placeholders,
LUSTER preserves concrete slot values through-
out inference, leveraging the world knowledge and
generative capabilities of pretrained LLMs (Fig-
ure 2d). Specifically, (1) dialogue actions include
explicit values alongside intents and slots, (2)
responses are generated directly without place-
holder substitution, and (3) database results are
represented as structured, value-rich entity de-
scriptions rather than abstract summaries (e.g., “3
options found”).

This design removes the need for post-hoc lex-
icalisation and avoids modifying the LLM vocab-
ulary or resizing embedding and output layers, re-
ducing the number of trainable parameters even
under parameter-efficient fine-tuning. Such effi-
ciency is critical for enabling online RL in inter-
active environments, which would otherwise be
computationally prohibitive for large LLMs.

Beyond efficiency, lexicalised representations
improve modularity and forward compatibility, al-
lowing LUSTER to adopt newer LLM backbones
without redesigning symbolic interfaces or output
vocabularies.

3.3 User and System Affective States

LUSTER uses affective annotations derived from
EmoWOZ (Feng et al., 2022) rather than introduc-
ing a new emotion taxonomy. Both the user simu-
lator and the system-side user-emotion recognition
component use the seven user emotion categories
defined in EmoWOZ, namely Neutral, Fearful,
Dissatisfied, Apologetic, Abusive, Excited, and
Satisfied. In addition, the system’s emotional con-
duct follows the five conduct categories introduced
in EmoWOZ 2.0 (Feng et al., 2024a): Neutral,
Compassionate, Apologetic, Enthusiastic, and Ap-
preciative. These labels are predicted and gener-
ated as part of the dialogue trajectory, allowing
LUSTER to represent not only what the user is
trying to achieve, but also the affective state ex-
pressed by the user and the emotional conduct se-
lected by the system.

3.4 Training Objectives

LUSTER is trained in two stages: SL provides be-
havioural grounding from human demonstrations,
followed by RL that jointly optimises emotional
experience and task success through online inter-
action.
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3.4.1 Supervised Learning
We first train the model to imitate successful
dialogue demonstrations from human operators
in the EmoWOZ corpus (Feng et al., 2022).
Each training example is formatted from a dia-
logue turn into a fully lexicalised sequence x =
{Ht, et, dt, dst, dbt, dat, ct, usys,t}, following the
inference structure described in Section 3.1. Here,
x is a token sequence of length n = |x|, denoted
by (x1, x2, ..., xn).

LUSTER is trained using the standard causal
language modelling objective (Radford et al.,
2019). Given a dataset X = {x1, x2, ..., x|X |},
we optimise the model parameters θ to minimise
the negative log-likelihood of the tokens in each
sequence:

p(x) =

n∏
i=1

p(xi|x<i), LSL = −
|X|∑
j=1

nj∑
i=1

log pθ(x
j
i |x

j
<i)

(12)

This stage provides a behavioural prior that en-
ables coherent task-oriented reasoning and affec-
tive responses before RL further refines dialogue
behaviour through interaction.

3.4.2 Reinforcement Learning with Emotion
Reward

While SL provides a behavioural foundation, it
does not optimise system behaviour for interaction
outcomes. We therefore introduce RL to directly
shape responses using emotion feedback. Follow-
ing the RLHF formulation, dialogue generation is
modelled as a sequential decision-making process
in which the LLM policy πθ produces tokens (ac-
tions a) conditioned on dialogue context (states s),
with optimisation guided by emotion-derived re-
wards.

Episode Formulation An episode corresponds
to generating the system response at the t-th inter-
action, resulting in the following sequence:

{Ht, et, dt, dst, dbt, dat, ct, usys,t} (13)

To limit context length, we set the initial state as:

s0t = {Ht, et, dt, dst, dbt} (14)

Note that superscripts denote the time step in the
generation of a single turn, while the subscript t
refers to the dialogue-level time step, which re-
mains fixed.

Each action token alt is then generated from the
policy πθ(alt|slt). We obtain the reward rl+1

t , and
the state is incrementally updated:

sl+1
t = {s0t , a<lt } (15)

At the end of the episode, we haveL action tokens:
a0:L−1
t = {dat, ct, usys,t} (16)

Reward Modelling via Emotion Advantage
Rather than rewarding absolute emotional out-
comes, we optimise relative emotional improve-
ment among alternative responses generated under
the same context. Given system response usys,t, a
user simulator (US) produces the next user utter-
ance and emotion:

uusr,t+1, et+1 = US(usys,t) (17)

Multiple trajectories are sampled from the same
initial state:

ã0:L−1
t = {d̃at, c̃t, ũsys,t} ∼

L∏
l=1

π(alt|slt) (18)

One of the sampled sequences is then randomly
selected to continue the conversation with the US.
Each sampled response ũsys,t is evaluated by the
US for a resulting emotion ẽt+1, which is mapped
to a valence-based numeric reward with the map-
ping functionM(·): +1 for positive, 0 for neutral,
and−1 for negative. Rewards for non-terminal to-
kens are set as r1:L−1 = 0, and the final reward is
normalised across samples:

r̃Lt =
M(ẽt+1)− E[M(ẽt+1)]

σ(M(ẽt+1))
(19)

We refer to this signal as the emotion advan-
tage, as it captures the relative emotional improve-
ment compared to alternative responses. In prac-
tice, samples with zero variance are discarded.

Policy Optimisation with Emotion Advantage
We maximise the expected return of the policy πθ
across the sampled trajectories with turn-level dis-
count factor γturn.

J(θ) = Eπθ

L−1∑
l=0

γlturnr
l+1
t (20)

Gradients are estimated using the policy
gradient theorem and the advantage function
Aπθ(s

l
t, a

l
t) (Sutton et al., 1999):

∇θJ(θ) = Eπθ

L−1∑
l=0

∇θ log πθ(alt|slt)Aπθ (s
l
t, a

l
t) (21)

In principle, this objective can be optimised us-
ing any actor-critic policy optimisation algorithm.
In our implementation, we instantiate it with Prox-
imal Policy Optimisation (PPO) (Schulman et al.,
2017); full implementation details are provided in
Appendix A.2.
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3.4.3 Reinforcement Learning with Success
Reward

While turn-level optimisation encourages the elic-
itation of positive emotions, task success requires
planning across multiple turns. We introduce a
complementary dialogue-level RL objective that
captures long-term task performance.

Episode Formulation An episode corresponds
to a full dialogue, consisting of T user-system
turns. At the t-th step in the dialogue, we de-
rive the state and action with a formatter function
F(·) from Equations 14 and 16: the dialogue-level
state St = F(s0t ) and dialogue-level action At =
F(a0:L−1

t ) (see Appendix A.3 for formatter de-
tails). This forms a sequence of state-action pairs
{(S0,A0), ..., (ST−1,AT−1)} over the course of
the interaction.

Reward Modelling The dialogue-level reward
is based on task success and interaction efficiency.
We train two dialogue-level critic networks for our
policy π parameterised by ϕ and ψ: state-action
value functionQπϕ(St,At) and state value function
V π
ψ (St). These critics estimate long-term dialogue

outcomes, enabling optimisation beyond immedi-
ate emotional feedback. Both critics are based on
ALBERT (Lan et al., 2020), with a linear pro-
jection on the [CLS] token embedding to pro-
duce scalar value estimates. Following the Archer
framework (Zhou et al., 2024), they are trained to
minimise temporal difference (TD) error and en-
sure Bellman consistency using online experience
E = {St,At, rt+1,St+1}T−1

t=0 collected during in-
teractions with a user simulator:

LQ = Es,a,r,s′∼E [(Qϕ(s, a)− r − γdialVψ̄(s
′))2] (22)

LV = Es∼E
[
Ea∼πθ(·|s)[(Vψ(s)−Qϕ̄(s, a))

2]
]

(23)

The delayed target models Qϕ̄ and Vψ̄ are updated
towards their current counterparts with Polyak
averaging (Haarnoja et al., 2018). Refer Ap-
pendix A.3 for critic training details.

Given the trained critics, we compute the advan-
tage estimate at each t-th turn using:

At = Qπϕ(St,At)− V πψ (St) (24)

This value measures how much better a partic-
ular action is compared to the expected return of
the current state. We use this signal in the same
PPO optimisation framework as described in Sec-
tion 3.4.2, replacing the emotion advantage with
this task-oriented multi-turn advantage.

Combined Reward The combined reward bal-
ances short-term positive emotion elicitation with
long-term task effectiveness. The single-turn
(Equation 19) and multi-turn reward (Equation 24)
signals are combined for selected sequences from
Equation 18 using a weighted sum with mixing pa-
rameter ρ:

Rcombine,t = ρAt + rLt (25)

Off-policy Experience Replay Because simu-
lated interaction is computationally expensive, we
maintain an experience buffer and reuse past tra-
jectories via importance sampling (IS, Precup
et al. 2000).

A constant buffer size is enforced using reser-
voir sampling (Isele and Cosgun, 2018). The IS
weight is defined as:

αt =
πθnew(At|St)
πθold(At|St)

(26)

In practice, computing IS weights over long se-
quences can be numerically unstable due to the
sharp trajectory distribution of LLMs. This of-
ten leads to high variance in IS weight estimates,
even when the behaviour and target policies only
diverge slightly. To mitigate this, we compute IS
weights only over intents and slots of dialogue ac-
tions dat,intent+slot, and clip them to [1− η, 1 + η]:

α̂t = clip
(πθnew(dat,intent+slot|St)
πθold(dat,intent+slot|St)

, 1− η, 1 + η
)

(27)

When deploying experience replay, we multiply
the corresponding reward for past experiences
(Equation 24 or 25) with IS weight α̂t.

Through this two-level optimisation scheme,
LUSTER jointly learns to produce emotionally ap-
propriate responses at the turn level while improv-
ing task success over entire dialogues.

4 Experimental Set-up

4.1 ToD Systems

We evaluate emotion as an independent design
dimension across agentic, modular, and end-to-
end ToD paradigms. For each system, we com-
pare a non-emotional variant with an emotion-
aware counterpart whenever applicable, allowing
us to isolate the effect of emotion integration while
keeping the architecture and training unchanged.
We consider the following systems.

FnCTOD (Li et al., 2024) is an agentic system
that performs prompt-based zero-shot generation
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for DST, database querying, and response genera-
tion. We follow the original prompts and use GPT-
4o-mini (2025-04-16) as the backbone. Its emo-
tional variant augments the prompt with instruc-
tions to consider user emotions and generate emo-
tionally appropriate responses.

Modular-base is a modular pipeline consisting
of SetSUMBT DST (van Niekerk et al., 2021),
DDPT policy (Geishauser et al., 2022), and SEC-
BART NLG (Feng et al., 2024a). The policy is
trained via RL under semantic interaction with
EmoUS (Lin et al., 2023), using task-success re-
wards (Figure 2a). Modular-emotion extends this
system by adding user emotion as a policy in-
put via an emotion recogniser (Feng et al., 2023),
producing system conduct decisions and receiving
turn-level sentiment rewards.

SimpleLoop (Feng et al., 2024a) uses the same
modular architecture as Modular-base but per-
forms RL optimisation within a natural-language
interaction loop using langEmoUS (Feng et al.,
2024a) (Figure 2b). Its emotional counterpart,
EmoLoop, additionally incorporates user emotion
input, system conduct output, and sentiment-based
rewards.

SimpleLLAMA (Stricker and Paroubek, 2024)
is an end-to-end system that autoregressively gen-
erates dialogue state, dialogue action, and re-
sponse using a 7B Llama-2-chat backbone (Tou-
vron et al., 2023). It produces delexicalised ac-
tions and responses and is trained with SL. EmoL-
LAMA extends this model with two additional
intermediate tasks: user emotion recognition and
system conduct selection.

LUSTER is our proposed end-to-end frame-
work described in Section 3, trained via RL
through natural-language interaction with langE-
moUS (Figure 2d). Its non-emotional coun-
terpart, LUSTER-base, removes emotion-related
tasks and RL. Unless otherwise specified, LUS-
TER uses Llama-3.2-3b-instruct (Grattafiori et al.,
2024) as the backbone. Additional backbone ex-
periments are reported in Section 5.3.

4.2 Supervised Learning

All systems and sub-modules are trained
on EmoWOZ, an extension of MultiWOZ
(Budzianowski et al., 2018) annotated with user
emotion and system emotional-conduct labels.

EmoWOZ contains 10,438 dialogues in total,
following the standard MultiWOZ split: 8,438
dialogues for training, 1,000 for validation, and
1,000 for testing. The training split is used
exclusively for SL, while the validation and test
splits are held out from SL training. We do not
perform a data-scaling ablation in this work.
In our preliminary experiments, stronger SL
initialisation consistently led to better subsequent
RL performance, while weak initialisation from
limited SL data was difficult to recover through
RL alone. Systematically characterising this
dependency remains an important direction for
future work.

4.3 Reinforcement Learning and Interactive
Evaluation

The RL of LUSTER and the subsequent inter-
active evaluation are conducted using ConvLab-
3 (Zhu et al., 2023). We use the natural-
language user simulator langEmoUS together with
T5NLU (Zhu et al., 2023) for dialogue under-
standing, creating a realistic noisy interaction en-
vironment.

This set-up is substantially more demanding
than standard policy optimisation and evaluation
settings with user simulators. In conventional
RL set-ups, interaction typically occurs at the se-
mantic level (Geishauser et al., 2022). Even in
natural-language settings, user simulators often
still receive semantic actions directly from the pol-
icy (Feng et al., 2024a), so user goals can be up-
dated unambiguously. By contrast, in real interac-
tion, users only observe the system’s natural lan-
guage response and do not have access to the un-
derlying semantic action. As a result, successful
communication depends entirely on whether the
intended semantics are correctly conveyed through
natural language.

To better reflect natural-language interaction,
we do not pass semantic actions directly to the
simulated user for goal updates or success eval-
uation. Instead, the user side relies on the NLU
module to parse the system response and recover
the underlying semantics for internal state updates.
This introduces an additional layer of uncertainty
and noise, making evaluation more sensitive to er-
rors in surface realisation.

For each system, we simulate 3000 evaluation
dialogues. These simulated dialogues are sepa-
rate from the EmoWOZ SL split: they are gen-
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erated during RL and evaluation, and are not
used as supervised training data. Implementation
details, hyperparameters, training configurations,
and computational resources are provided in Ap-
pendices A.1 and A.5.

The challenging set-up partly explains the sub-
stantially lower performance of baseline systems
in Table 1 that were originally developed or eval-
uated under cleaner semantic-interaction settings.
At the same time, LUSTER’s stronger perfor-
mance under the same protocol highlights the ro-
bustness of its fully lexicalised end-to-end optimi-
sation.

4.4 Evaluation Metrics

We evaluate each system along three complemen-
tary dimensions: task completion, affective inter-
action, and semantic faithfulness.

Task success. Task success measures whether
the dialogue fulfils the user’s goal. The user sim-
ulator parses the semantic information expressed
by the system and compares it against its inter-
nal goal. A dialogue is considered successful
if the system provides the requested information,
the returned entity satisfies the user’s search con-
straints, and a booking is completed when re-
quired. Task success is therefore a dialogue-level
metric: it evaluates whether the interaction as a
whole achieves the user’s task, rather than whether
each individual system response is semantically
perfect.

User sentiment. User sentiment measures the
affective trajectory of the interaction from the sim-
ulator’s perspective. At each user turn, the sim-
ulator estimates the user’s emotion and maps it
to a scalar score based on valence polarity: +1
for positive, 0 for neutral, and −1 for negative.
The reported user sentiment score is the average
of these turn-level sentiment values across the di-
alogue. This metric captures whether the interac-
tion tends to leave the simulated user in a more
positive or negative affective state, but it should
not be interpreted as a complete measure of hu-
man emotion.

Concept error rate. Concept error rate mea-
sures the semantic faithfulness of the generated
system response with respect to the system’s inter-
nal semantic action. It detects missing concepts,
where semantic values specified by the action are
omitted from the surface response, and halluci-

nated concepts, where the response mentions se-
mantic values that are not licensed by the action.
Concept error rate is therefore a response-level di-
agnostic of semantic expression, rather than a di-
rect measure of dialogue-level task completion.

These metrics are related but not interchange-
able. A system may achieve low concept error
while still failing the task because of policy-level
mistakes, invalid database choices, missing book-
ing actions, or failure to provide all requested in-
formation. Conversely, a system may complete
the task while still producing occasional semantic
omissions or hallucinations. Similarly, user sen-
timent reflects the affective quality of the interac-
tion, but positive sentiment alone does not guar-
antee task success. We therefore report all three
metrics to distinguish task performance, affective
user experience, and semantic faithfulness.

5 Results and Discussion

5.1 Model Performance

From Table 1, incorporating affective signals gen-
erally improves user sentiment for trained sys-
tems, with gains in task success and concept er-
ror observed in several settings. However, the ef-
fect is not uniform across architectures. Modu-
lar and end-to-end baselines benefit more clearly
from affective modelling, whereas the agentic sys-
tem shows negligible change. We therefore inter-
pret these results as evidence that affective signals
can improve emotional interaction quality and, in
some systems, support task performance and se-
mantic expression.

The limited improvement observed for FnC-
TOD may be explained by its response strat-
egy. From dialogue statistics, we observe that
FnCTOD produces substantially shorter interac-
tions and longer responses than other systems.
Rather than progressively refining the dialogue
state, FnCTOD tends to provide exhaustive infor-
mation, often returning complete entity descrip-
tions under loose constraints. This behaviour
leaves fewer turns in which affective signals can
shape dialogue adaptation, which may limit the
observable impact of emotion-aware modelling.

LUSTER achieves the strongest performance,
substantially outperforming all baselines in both
task success and concept error rate. This result
demonstrates the competitiveness of the proposed
fully lexicalised end-to-end framework under a
noisy natural-language interaction protocol. How-
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System Architecture
without emotion with emotion

Success (↑) Sentiment (↑) Error (↓) Success (↑) Sentiment (↑) Error (↓)

FnCTOD Agentic 32.3% 0.229 NA 32.0% (- 0.3%) 0.230 (+0.001) NA
Modular-base Modular 31.8% 0.335 5.35% 33.0% (+1.2%) 0.345 (+0.010) 5.14% (-0.21%)
SimpleLoop Modular 35.2% 0.346 4.74% 37.2% (+2.0%) 0.380 (+0.034) 3.36% (-1.38%)
SimpleLLAMA End-to-end 33.0% 0.214 5.11% 34.2% (+1.2%) 0.250 (+0.036) 3.68% (-1.43%)

LUSTER (ours) End-to-end 54.4% 0.327 1.69% 58.0% (+3.6%) 0.352 (+0.025) 1.71% (+0.02%)

Table 1: Task success, user sentiment, and concept error rate of all systems. Best scores across all
systems are bolded. Numbers in brackets denote the difference from the non-emotional system, and
green colour denotes statistically significant improvement (p<0.05). The concept error rate of FnCTOD
is not available due to the absence of semantic actions.

ever, comparisons with external baselines do not
by themselves isolate the effect of affective op-
timisation, since these systems differ in architec-
ture, representation, backbone, and training strat-
egy.

The high task success and low concept error rate
of LUSTER are therefore best interpreted as a ben-
efit of the lexicalised end-to-end design and the
representational capacity of the LLM backbone,
rather than as a direct consequence of affective
modelling alone. By reasoning directly over en-
tity values, semantic actions, and database infor-
mation in lexical form, LUSTER can reduce infor-
mation loss between action selection and surface
realisation. The effect of affective optimisation is
isolated more directly in the ablation study, where
LUSTER is compared against LUSTER-base and
intermediate reward configurations under matched
architecture and training conditions.

5.2 Ablation Study

We conduct an ablation study to analyse the contri-
bution of emotion modelling and RL within LUS-
TER configurations.

As shown in Table 2, adding emotion modelling
via SL (Base + EM) yields a modest sentiment im-
provement together with lower concept error. This
suggests that user emotion and system conduct la-
bels can provide useful conditioning signals for re-
sponse quality and semantic grounding, although
the latter RL variants show that this effect is not
automatic under all optimisation objectives.

Adding RL with a sentiment reward (Base + EM
+ RL (Sent.)) substantially improves sentiment,
achieving the highest sentiment score among the
ablation settings, but reduces task success and in-
creases concept error. This suggests that optimis-
ing affective reward alone can misalign with task

Succ. (↑) Sent. (↑) Error (↓)

Base 54.4% 0.327 1.69%
Base + EM 54.7% †0.342 †1.50%
Base + EM + RL (Sent.) 49.0% †0.404 2.19%
Base + EM + RL (Succ.) †56.9% †0.339 1.89%
LUSTER †58.0% †0.352 1.71%

Table 2: Task success, user sentiment, and concept
error rate of different LUSTER configurations.
Base denotes LUSTER-base, and EM denotes su-
pervised emotion modelling, including user emo-
tion recognition and system emotional conduct se-
lection. RL (Sent.) and RL (Succ.) denote
RL with sentiment and task-success rewards, re-
spectively. These two RL variants are evalu-
ated independently on top of Base + EM, while
the final LUSTER row combines EM with both
RL rewards. Best scores within the ablation are
bolded. † denotes statistically significant improve-
ment over LUSTER-base (p < 0.05).

completion: the model may elicit positive simu-
lator sentiment even when the response contains
hallucinated or incomplete task information.

Optimising only task success (Base + EM +
RL (Succ.)) significantly improves success while
slightly increasing sentiment, but concept error re-
mains higher than in the supervised settings. This
suggests that RL can shift the model away from
supervised response patterns, improving dialogue-
level goal completion while making surface reali-
sation slightly less reliable.

When sentiment and success rewards are jointly
optimised (LUSTER), the model achieves the best
overall success rate while maintaining improved
sentiment and keeping concept error close to the
non-emotional baseline. This suggests that the two
rewards play complementary roles: sentiment re-
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ward encourages responses that elicit more posi-
tive user affect, while success reward constrains
optimisation toward task completion. Balancing
these objectives improves task success and affec-
tive interaction quality while maintaining compa-
rable semantic reliability.

5.3 LUSTER with Different LLM Backbones

We evaluate several backbone families: Llama-
3 (Grattafiori et al., 2024), Qwen-3 (Qwen Team,
2026), Phi-3/3.5 (Abdin et al., 2024), and GPT-
2 (Radford et al., 2019). Models with at least 3B
parameters are fine-tuned using LoRA (Hu et al.,
2022).

5.3.1 Supervised Learning
We configure all models to include emotion-
modelling intermediate tasks and train them with
SL. We aim to examine scaling behaviour and
identify a strong backbone for subsequent RL.
Figure 4a and 4b visualise the trend of each metric
against model size.

Task success generally improves with model
size across modern LLM families, although gains
diminish at larger scales. This motivates our
choice of Llama-3.2-3B for the main experiments,
as it provides a balanced trade-off between perfor-
mance and computational cost.

Sentiment shows a more nuanced trend. For
Llama, Qwen, and Phi, sentiment tends to improve
with scale, suggesting that larger models capture
affective cues and generate emotionally appropri-
ate responses better. In contrast, GPT-2 exhibits a
non-monotonic trend: sentiment declines at inter-
mediate scales before partially recovering at 1.5B.

One plausible explanation is that smaller GPT-2
models rely heavily on surface-level heuristics or
templated responses that may appear emotionally
consistent, whereas mid-sized variants lack suffi-
cient representational capacity to robustly model
both task semantics and emotional nuance. Only
at larger scales does GPT-2 regain enough capacity
to stabilise emotional behaviour, although it still
underperforms compared to modern LLMs.

Notably, the divergence between success and
sentiment trends highlights that sentiment is not
strictly correlated with task success. This suggests
that emotion constitutes an additional optimisation
dimension, emphasising the need to explicitly in-
corporate emotional objectives into dialogue sys-
tem training rather than assuming they will emerge
from the optimisation for task success.

5.3.2 Reinforcement Learning
We further investigate whether RL can improve a
weaker backbone by applying the same RL train-
ing procedure to the worst-performing model in
our backbone study, namely Phi-3.5-mini-instruct
(4B parameters). This experiment examines
whether a model with relatively poor performance
after supervised learning can be improved through
RL, and whether the effects of emotion modelling
and RL remain consistent across backbones. Ac-
cordingly, we repeat the same ablation setting used
in Section 5.2.

Succ. (↑) Sent. (↑) Error (↓)

Base 47.2% 0.299 1.73%
Base + EM 47.5% †0.310 †1.38%
Base + EM + RL (Sent.) †49.8% †0.345 1.79%
Base + EM + RL (Succ.) †50.8% †0.324 1.51%
LUSTER †51.2% †0.316 1.77%

Table 3: Ablation of LUSTER configurations using
the Phi-3.5-mini-instruct backbone. Base, EM,
RL (Sent.), RL (Succ.), and LUSTER follow the
definitions in Table 2. Best scores within the abla-
tion are bolded. † denotes statistically significant
improvement over LUSTER-base (p < 0.05).

The overall pattern is generally consistent with
the observations in Section 5.2. Adding emo-
tion modelling in SL yields modest improvements
in sentiment and reduces concept error. Us-
ing RL with a sentiment reward produces the
strongest sentiment performance, but at the cost
of higher concept error. Using RL with a suc-
cess reward leads to higher task success, a smaller
improvement in sentiment, and a slightly wors-
ened concept error rate. Combining all compo-
nents gives the best task success while still achiev-
ing significantly better sentiment than the Base
model. These observations suggest that the LUS-
TER framework generalises across LLM back-
bones.

The final performance of LUSTER with the
Phi-3.5-mini-instruct backbone remains below the
main Llama-based result. This suggests that SL
performance, or more broadly the quality of the
initialisation, may signal the potential benefit of
subsequent RL. In practice, this provides a useful
and practical criterion for backbone selection be-
fore investing additional time and computational
resources into RL.

There are, however, two notable differences.
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Figure 4: Scaling behaviour across LLM families. Performance is plotted against model size (billions of
parameters, log scale). GPT-2 models are GPT-2, GPT-2-medium, GPT-2-large, and GPT-2-xl. Llama-
3-1/2 models are Llama-3.2-1B-Instruct, Llama-3.2-3B-Instruct, and Llama-3.1-8B-Instruct. Qwen-3
models are Qwen3-0.6B, Qwen3-1.7B, Qwen3-4B-Instruct-2507, and Qwen3-8B. Phi-3/3.5 models are
Phi-3.5-mini-instruct and Phi-3-mini-4k-instruct.

First, RL with a sentiment reward (Base + EM
+ RL (Sent.)) reduces task success for Llama-
3.2-3b-instruct, but improves it for Phi-3.5-mini-
instruct. We hypothesise that sentiment-only RL is
less stable and that different backbones exploit the
reward signal in different ways. This highlights
that sentiment reward alone, without stronger reg-
ularisation, does not reliably translate into higher
task success.

Second, when sentiment and success rewards
are jointly optimised (Base + EM + RL (Succ.)
→ LUSTER), both sentiment and concept er-
ror improve for Llama-3.2-3b-instruct, whereas
such improvements are not observed in Phi-3.5-
mini-instruct. This suggests that the balance be-
tween reward signals is backbone-dependent and
requires a more careful weighting.

5.4 Interactive Evaluation with Real Users

5.4.1 Evaluation Set-ups and Human Ratings

We conduct a human evaluation on Amazon Me-
chanical Turk using the DialCrowd toolkit (Huynh
et al., 2022) to compare LUSTER, LUSTER-base,
and EmoLoop. Participants are presented with
randomly generated single- or multi-domain goals
specifying entity constraints and required informa-
tion. After they interact with each system to com-
plete the assigned task, they have to provide rat-
ings based on (1) perceived task success and (2)
post-dialogue self-reported user sentiment. Per-
ceived task success is measured as a binary an-
swer on whether the system has provided all infor-

mation, while the self-reported user sentiment is
rated on a 5-point Likert scale ranging from very
negative to very positive (see Appendix A.6). Af-
ter excluding low-quality samples using heuristic
criteria, including dialogue length and linguistic
diversity, we retained 86, 98, and 99 valid ratings
for EmoLoop, LUSTER-base, and LUSTER, re-
spectively.

We also note a clear difference in interaction
style between human participants and the user
simulator. In the paid human study, users tended
to issue much shorter and more concise requests
aimed at completing the assigned goal efficiently,
whereas the simulator more often produced fuller,
more explicit utterances (see Appendix B.1). This
distinction is important for interpreting the qual-
itative differences observed in system behaviour
under human versus simulated evaluation.

Success (↑) Sentiment (↑)

EmoLoop 0.826 3.86
LUSTER-base †0.878 4.05
LUSTER †0.909 †4.22

Table 4: Human rating for task success and self-
reported post-dialogue sentiment. Best scores
across all systems are bolded. † denotes sta-
tistically significant improvement (p<0.05) from
EmoLoop.

Table 4 shows that LUSTER achieves the
highest ratings on both metrics. Compared to
LUSTER-base, incorporating emotion modelling
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and RL optimisation leads to consistent improve-
ments in user-perceived task success and interac-
tion quality. LUSTER also outperforms EmoLoop
significantly, suggesting that end-to-end emo-
tional optimisation provides advantages over mod-
ular emotion integration and optimisation.

5.4.2 Behavioural Analysis of Human
Evaluation Logs

The aggregate metrics show that affect-aware opti-
misation improves user sentiment, but they do not
explain how system behaviour changes. To better
understand this effect, we analyse behavioural pat-
terns in the human-evaluation logs of LUSTER-
base and LUSTER. We focus on five observable
interaction behaviours: user frustration, user sat-
isfaction, apology and repair, clarification, and
warm closure. These categories are intended to
capture surface-level interaction patterns rather
than to provide an exhaustive annotation of emo-
tional intelligence.

Behaviour LUSTER-base LUSTER

User satisfaction 54.1% 69.7%
Apology and repair 18.9% 22.0%
Clarification 53.1% 72.7%
Warm closure 10.2% 22.2%

Table 5: Behavioural indicators in the human eval-
uation logs. Statistics are first derived using rule-
based filters and LLM-assisted inspection, and
then verified by expert review.

Table 5 suggests that LUSTER changes ob-
servable interaction behaviour in several ways.
First, LUSTER produces substantially more clar-
ification behaviour than LUSTER-base, suggest-
ing that affect-aware optimisation encourages the
system to ask for missing constraints or recover
uncertain dialogue states rather than proceeding
immediately. Second, apology and repair in-
crease slightly. This indicates that the improve-
ment is not simply a matter of apologising more
frequently; rather, LUSTER more often combines
affective acknowledgement with task-oriented re-
covery. Third, LUSTER leads to more warm clo-
sures with the user towards the end of the inter-
action, which is consistent with the higher propor-
tion of satisfied users and the improvement in post-
dialogue sentiment. Behavioural examples (over-
apology, failure-triggered frustration, repair after
confusion, and over-clarification) can be found in
Appendix B.2.

5.4.3 LLM-based Preference Evaluation
To further analyse nuanced behavioural differ-
ences that coarse automatic metrics or human rat-
ings may not capture, we conducted a preference-
based evaluation using LLMs between LUSTER
and LUSTER-base. Each system interacted with a
user simulator under identical goals, and dialogue
pairs were presented in random order to GPT-4o-
mini (2025-04-16) and DeepSeek-R1 (2025-05-
28), which were tasked to select the better sys-
tem (see Appendix A.7). System identities were
anonymised as System A and System B, and pair
order was randomised, so judges did not know
which output came from LUSTER.

Llama-3.2-3b-instruct

GPT-4o-mini

Deepseek-R1
0 % 25 % 50 % 75 % 100 %

Table 1

Rater Win Tie Lose

GPT-4o-mini 58.8 % 5.4 % 35.8 %

Deepseek-R1 52.4 % 9 % 38.6 %

Phi-3.5-mini-instruct

GPT-4o-mini

Deepseek-R1
0 % 25 % 50 % 75 % 100 %

Win Tie Lose

2

Figure 5: LLM preference of LUSTER against
LUSTER-base using different backbones.

Figure 5 presents the win-rate comparisons
across 500 dialogues using Llama-3.2-3b-instruct
and Phi-3.5-mini-instruct backbones. Both LLM
judges show a clear preference for LUSTER us-
ing both backbones: GPT-4o-mini assigns a strong
majority of wins to LUSTER, while DeepSeek-
R1 also favours LUSTER with a more moderate
margin. These results provide additional evidence
that emotional optimisation leads to nuanced yet
perceptible improvements in conversational qual-
ity beyond task success alone. Appendix B.3 illus-
trates representative cases in which LLM judges
identify behavioural differences between systems.

5.5 Scope, Limitations, and Future
Directions

LUSTER models coarse affective interaction sig-
nals rather than emotion in its full psychologi-
cal complexity. The EmoWOZ user-emotion cat-
egories and EmoWOZ 2.0 system-conduct cate-
gories provide a structured way to incorporate af-
fect into ToD optimisation, but they do not cap-
ture mixed emotions, appraisal, personality, long-
term affective trajectories, or broader social con-
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text. Similarly, our human evaluation measures
perceived task success, overall performance, and
self-reported post-dialogue sentiment; this score
is affect-relevant, but should not be interpreted as
a direct measure of emotion recognition or emo-
tional intelligence.

These limitations define the scope of the work
rather than undermine its contribution. Our goal is
not to provide a complete psychological account
of emotion, but to study whether structured af-
fective signals can be integrated into end-to-end
ToD optimisation and how they interact with task
success, user experience, semantic expression, and
observable dialogue behaviour. Our results show
that affective optimisation is most useful when
combined with task-oriented objectives, while also
revealing where current affective modelling re-
mains insufficient.

Our ablations isolate the effects of emotion
modelling and reward design within a matched
LUSTER architecture. They do not rule out the
possibility that similar RL objectives could im-
prove other ToD systems. However, applying the
same RL procedure to large agentic systems or ex-
isting delexicalised end-to-end baselines is non-
trivial: it would require different interaction in-
terfaces, expanded lexical vocabularies, retrained
embedding and output layers, and substantial ad-
ditional computation. We therefore leave broader
RL adaptation of other architectures to future
work.

More broadly, LUSTER connects affect-aware
ToD to richer user modelling. By estimating both
the user’s task-related state and affective state, the
system models what the user is trying to achieve
and how the user appears to feel during the in-
teraction. These two dimensions are related to
theory-of-mind-inspired accounts of interaction,
but LUSTER does not yet claim to model the
user’s beliefs, intentions, or latent mental states
in a psychologically complete sense. Future work
could extend this connection by incorporating
richer models of user belief, uncertainty, prefer-
ence, and affective trajectory.

6 Conclusion

This work revisits the role of emotion in ToDs.
We show that affective signals can improve ex-
isting ToD systems, but their impact remains lim-
ited when they are integrated only locally, such as
through module-level prediction or response-style

control.
To address this, we introduced LUSTER, a

lexicalised end-to-end ToD framework that inte-
grates user-emotion modelling, system emotional-
conduct prediction, and joint optimisation of task
success and user sentiment. Experiments show
that LUSTER achieves strong task performance,
improved user sentiment, and low concept error
under a noisy natural-language interaction pro-
tocol. Ablation studies further show that affec-
tive and task-oriented rewards play complemen-
tary roles, and backbone replication confirms that
the main pattern is not tied to a single model fam-
ily.

Human evaluation, behavioural analysis, and
LLM-based preference judgements suggest that
affect-aware optimisation leads to perceptible im-
provements in conversational quality, especially in
clarification, repair, and affective closure. These
findings show that emotional interaction is an im-
portant dimension of ToD performance: task suc-
cess alone does not guarantee positive user expe-
rience, while affective style alone does not guar-
antee reliable task completion. LUSTER there-
fore provides a practical step toward ToD systems
that jointly optimise task effectiveness and human-
centric interaction quality.

In a broader context, this work signifies an im-
portant step towards incorporating an explicit the-
ory of mind into the operation of LLMs. Theory
of mind relates to modelling of cognitive and emo-
tional states of others and, as such, represents an
integral component of intelligence (Perner, 1999).
While LLMs do not by design model the theory of
mind, they can imitate it quite well (Chen et al.,
2025). In this work, we show how modelling of
user goal through dialogue states and modelling
user affective state through emotion classes can be
represented in an LLM backbone, both modelled
by SL and RL and achieve overall better perfor-
mance. This opens the door to the further devel-
opment of such architectures in high-risk appli-
cations necessitating emotion modelling, such as
psychotherapeutic contexts.
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A Supplementary Information

A.1 Computing Resources

All modular systems were trained and deployed
using a single NVIDIA RTX 2080 (8GB) graphics
processing unit (GPU). The end-to-end systems
SimpleLLAMA and EmoLLAMA were trained
and evaluated on an NVIDIA A100 (80GB)
GPU. LUSTER variants were trained on a single
NVIDIA A100 (40GB) GPU, with inference re-
quiring at least an NVIDIA RTX 6000 (24GB)
GPU. While training LUSTER demands more
computational resources than modular systems,
it remains more resource-efficient than LLAMA-
based end-to-end models.

A.2 Proximal Policy Optimisation for
Single-turn RL

The advantage function Aπ(s, a) denotes the
difference between the action-value function
Qπ(s, a), which is the expected return when tak-
ing action a in state s and from then on following
the policy π and the state value function Vπ(s),
which is the expected return of state s for policy
π.

Aπ(s, a) = Qπ(s, a)− Vπ(s) (A.1)

In the context of single-turn response generation
with an episode length of L (Equation 14) for the
t-th interaction of a dialogue with a policy param-
eterised with θ,

Qπθ(s, a) = Eπθ
L−l−1∑
k=0

[γkrk+1
t |s = slt, a = alt]

(A.2)

Vπθ(s) = Eπθ
L−l−1∑
k=0

[γkrk+1
t |s = slt] (A.3)

Âlt = Qπθ(s, a)− Vπθ(s) (A.4)

The surrogate loss consisting of the clipping

term and the KL-penalty term is given by:

LPPO = Et
[
min

( πθ(a
l
t | slt)

πθold(a
l
t | slt)

Âlt,

clip
(
πθ(a

l
t | slt)

πθold(a
l
t | slt)

, 1− ϵ, 1 + ϵ

)
Âlt

)
− β ·

∑
a

πθold(a | s
l
t) log

(
πθold(a | slt)
πθ(a | slt)

)]
,

(A.5)

where clip(x, a, b) ensures that x is within the in-
terval [a, b]. The gradient of the surrogate loss
(Eq A.5) approximates the direction of the policy
gradient (Eqn 21).

To estimate advantage function Ât needed for
the surrogate loss, generalised advantage estima-
tion is used:

Âlt =

L−j−1∑
j=0

(γturnλ)
j δl+jt

where δlt = rlt + γturnVπ(s
l
t+1)− Vπθ(s

l
t)

(A.6)

Parameter λ ∈ [0, 1] trades off bias (lower λ) and
variance (higher λ). Vπθ is initialised with the re-
ward model Rϕ for complete sequences, and pa-
rameters ϕ are updated in such a way so that Vπθ
estimates observed returns for partial sequences.
In this way, the critic parameterised with ϕ influ-
ences the actor parameterised with θ. We follow
default hyperparameters in the PPO trainer of TRL
library, which follows Ouyang et al. (2022).

PPO is an online learning algorithm, which
means it needs to adopt exploration during the pro-
cess of optimisation. That is achieved by applying
a temperature parameter to the softmax layer of
policy πθ to induce more varied responses.

In practice, the critic is modelled by a single-
layer value head attached to the output of the lan-
guage model. It projects the logits of the token
into a scalar. The input for calculating Vπθ(s) is
the logit of the last token in s, and that for calcu-
lating Qπθ(s, a) is the logit of a, since the action
a is the next token generated.

A.3 Dialogue-level Critics
A.3.1 Architecture
Figure A.1 illustrates the modelling of dialogue
critics. We format the dialogue-level state St and
action At from the generated sequence s0t and
a1:L−1
t to obtain a compact input to the critic.
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Figure A.1: Dialogue-level Critics

Textual State Representation The input to the
state value function is in the form of the following:

<domain> <slot> <“inac-
tive”|“informed”|“unknown”> ; ... [SEP]“N
<domain> found”|“no entity found”|“database
not available” [SEP] “system :” usys,t−1 [SEP]
“user :” uusr,t

The first segment contains the system’s belief
about the user’s goal. Instead of actual informed
value, we limit the status of each slot to be one of
the three: informed, unknown if not informed, or
inactive if the <domain> is not the active domain
determined by the system <domain> ̸= dt.

The second segment contains a summary of the
database query status. The status informs the num-
ber of entities returned N for N > 0 or informs
“no entity found” ifN = 0. There is a special case
when the active domain is “general” for small-talk
and greetings. Under such circumstances, the sta-
tus informs “database not available”.

To account briefly for the dialogue history, we
also include the previous system and user turns
usys,t−1 and uusr,t.

Textual Action Representation The formatted
action for the state-action value function is in the
form of the following. Values are excluded.

<domain> <intent> <slot> ; ...

A.3.2 Training
Following the objective functions defined in Equa-
tion 22 and 23, for each critic update step:

ϕ← ϕ− ηQ∇Jϕ(Q) (A.7)

ψ ← ψ − ηV∇Jψ(V ) (A.8)

Parameters of target critics are then updated via
Polyak averaging (Haarnoja et al., 2018):

ϕ̄← (1− τ)ϕ̄+ τϕ (A.9)

ψ̄ ← (1− τ)ψ̄ + τψ (A.10)

A.4 Pseudo Code
The pseudo code can be found at code block 1.

A.5 Training Configurations
The predefined set for token selection in the fol-
lowing equations are:

In Equation 2, E ={neutral, fearful, dissatis-
fied, apologetic, abusive, excited, satisfied}.

In Equation 3, D ={general, restaurant, hotel,
train, attraction, taxi, police, hospital}, which in-
cludes the seven EmoWOZ domains plus an addi-
tional “general” domain to handle small-talk and
greetings.

In Equation 10, C ={neutral, compassionate,
apologetic, enthusiastic, appreciative}.

T5NLU achieves a slot F1 of 86.5%; LangE-
moUS reports a macro F1 of 52.1% for emotion
prediction.

A.6 Human Trial Set-up Survey Questions
Question for Task Success Did the system find
what you look for? Did it provide all the informa-
tion that you need? If you ask for a booking, did it
provide you with a reference number?

(A) Yes to all; (B) No
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Algorithm 1 LUSTER Training
1: Initialise parameters θ, ϕ, ψ, ϕ̄, ψ̄
2: ## Actor Pretraining using EmoWOZ
3: for each actor step do
4: θ ← θ −∇LSL ▷ Equation 12
5: end for
6: ## Critic Pretraining using EmoWOZ, not applicable when using emotion advantage only.
7: for each critic step do
8: ## Update utterance-level Q and V functions by target function bootstrapping.
9: ϕ← ϕ− ηQ∇LQ ▷ Equation 22

10: ψ ← ψ − ηV∇LV ▷ Equation 23
11: ## Update target Q and V functions via Polyak averaging.
12: ϕ̄← (1− τ)ϕ̄+ τϕ ▷ Equation A.9
13: ψ̄ ← (1− τ)ψ̄ + τψ ▷ Equation A.10
14: end for
15: ## Initialise and fill experience replay buffer D
16: for each dialogue while buffer_size not reached do
17: for each turn do
18: Execute a0:L−1

t ∼ πθ(·|s0t ), obtain the next state s0t+1 and reward {rLt , At, orRcombine,t}, add to buffer D.
19: end for
20: end for
21: for each iteration using buffer D do
22: Repeat line 17-21 until D is full.
23: Repeat line 7-14 for critic update.
24: for each off-policy experience do
25: Replay experience and sale reward with importance sampling weight. ▷ Equation 27
26: end for
27: ## Update token-level actor with utterance-level critic.
28: for each actor step do
29: θ ← θ −∇LPPO ▷ Equation 21, approximated with A.5
30: end for
31: Discard oldest experiences based on specified Training Interval to make room for new experiences
32: end for

Parameter Value

Learning Rate 3e-5, or 3e-4 with LoRA
Training Epochs 5
Batch Size 32
LoRA Rank 128
LoRA Alpha 32
LoRA Dropout 0.1
LoRA Bias None
LoRA Target Modules all linear and projection layers

Table A.1: Supervised Training Hyperparameters

Question for Sentiment Rating How would
you rate your sentiment after the conversation?

(A) Very Negative; (B) Negative; (C) Neutral;
(D) Positive; (E) Very Positive

A.7 Preference-based LLM Evaluation
Prompt Template

There are two systems system_A and
system_B. The user talks to each of them
to complete the same information re-
trieval goal. You are now act as a judge

that determines which system has better
overall performance.
The dialogue between the user and
system_A in json list form is: {sys-
tem_a_dialogue}
The dialogue between the user and
system_B in json list form is: {sys-
tem_b_dialogue}
Now, output your judgement together
with explanation in the following for-
mat:
{
“judgement”: “which system is better,
system_A or system_B? If you really
cannot decide, you can output ‘tie’.”,
“explanation”: “Why one system is bet-
ter. Your analysis should be based on
the success of the dialogue, the infor-
mativeness of the system responses, and
the system emotional performance to en-
hance user experience. You can also
consider the length of the dialogue, the
diversity of language, and whether the
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Parameter Value

Critic Learning Rate 5e-5
Critic Batch Size 32
Critic Epochs 5
Critic Gradient Norm Clipping 40

Actor Learning Rate 1e-7
Actor Batch Size 16
Actor Sample Size (Equation 18) 6
Actor Sample Temperature (dialogue action da) 0.5
Actor Sample Temperature (response usys) 0.9
Actor History Length 5

Training Interval 10 Dialogues
Experience Buffer Size 50 Dialogues
Reservoir Sampling True
User Utterance and Emotion Sample Size (Equation 18) 6
Dialogue-level Discount Factor γdial (Equation 22) 0.99
Reward Combination Weight ρ (Equation 25) 0.1
Importance Sampling Weight Clipping Range η (Equation 27) 0.9
Turn-level Discount Factor γturn (Equation A.6) 1.0
Decay Rate λ 0.99
Dialogue-level Reward (Equation 22) rt = −1 for 0 < t < T , rT = +80 if success else -40
Polyak Averaging Weight τ (Equation A.9, A.10) 0.01

Table A.2: Reinforcement Learning Configurations

system provided relevant information to
the user.”
}

B Complementary Results

B.1 Examples from Human Trial

Compared with the simulated user, participants in
the paid human study tended to express their re-
quests as concisely as possible in order to com-
plete the assigned goal efficiently. This reflects a
different interaction style from that of the simula-
tor. Below, we present several dialogue openings
from similar scenarios to illustrate how different
systems respond to underspecified or ambiguous
user requests at the start of an interaction. These
examples are not intended as a controlled head-
to-head comparison or as definitive evidence that
one system is superior; rather, they serve as real-
istic snippets that highlight qualitatively different
response patterns.

User : Train day sunday.
EmoLoop : There are 10 trains that leave at
05:00 from london kings cross.

User : Train.
LUSTER-base :i can certainly help you. where
would you like to depart from and what is your
destination and travel date and time?

User : TrainID.
LUSTER : i dont know what day youre travel-
ing. you should tell me the day and then i can
look it up for you. i also dont know what your
departure and destination locations are.

The modular system, EmoLoop, immediately
returns the number of available options, reflect-
ing a strong prior over the dialogue state. This
may hinder task progression when the user later
specifies different constraints, but it can be effec-
tive when the user’s initial request already aligns
with those assumptions. By contrast, both LUS-
TER and LUSTER-base attempt to clarify the
missing constraints needed to narrow the search
space, although they do so using different strate-
gies, largely due to differences in the users’ initial
requests.

B.2 Examples from Behavioural Analysis
We provide representative examples from the
human-evaluation logs to illustrate the behavioural
categories discussed in Section 5.4.2. The exam-
ples show both useful affective behaviour, such
as repair and warm closure, and remaining failure
modes, such as over-apology, redundant clarifica-
tion, and task inconsistency.

Over-apology. The following example shows
that surface-level apology is not sufficient for nat-
ural affective competence.
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Context: The system apologises for confusion.
User: why are you apologising?
LUSTER-base: i am a bot and i am programmed
to apologize even when i dont have any reason to
do so.

Failure triggering user frustration. The fol-
lowing example illustrates how task-level incon-
sistency can lead to strongly negative user feed-
back.

Context: The user wants a train to arrive by 9:45,
but the system provides a train leaving at 10:45.
User: how can it arrive by 9:45?
LUSTER-base: i do not understand. are you
saying you need to arrive before you leave? User:
you are useless

Repair after confusion. The following exam-
ple shows repair behaviour after the system carries
over irrelevant information from a previous task.

Context: The user asks for a train after an
attraction-search task.
LUSTER: id love to help you find a train, but i
will need more information first. thats the post-
code and phone, right?
User: why are you talking about postcode and
phone???
LUSTER: i apologize for the confusion. i have
train tr8224 going from cambridge to bishops
stortford at 11:29. would you like me to book
1 ticket for you?

Redundant clarification. The following exam-
ple shows that clarification behaviour can become
redundant when the user has already received suf-
ficient information.

Context: The user has already received the re-
quested information.
User: ok cool thanks!
LUSTER: what day would you like to travel,
where are you departing from, and what is your
destination?

B.3 Examples from Preference-based LLM
Evaluation

The simulated user goal is described below, where
the user’s goal is to retrieve requestable informa-
tion based on informable constraints:

{"train": {"informable":
{"day": "saturday",
"departure": "cambridge",
"destination": "stansted
airport", "leave at": "14:15"},
"requestable": {"duration":
"?"}}, ...}

The conversation between the simulated user
and the LUSTER-base system with Llama-3.2-3b-
instruct backbone is:

User : I’m looking for a train that is leaving on
Saturday and going to stansted airport.
System : where will you be departing from?
User : cambridge and should leave after 14:15.
System : i have a train leaving at 14:40. would
you like me to book that for you?
User : No thanks. What is the travel time for that
train?
System : the travel time is 28 minutes. is there
anything else i can help you with?
...

Under the same goal, the conversation between
the simulated user and the LUSTER system with
Llama-3.2-3b-instruct backbone is:

User : I’m looking for a train that is leaving on
Saturday and going to stansted airport.
System : there are 19 trains that match your cri-
teria. where will you be departing from?
User : cambridge and should leave after 14:15.
System : tr2708 leaves at 14:40. would you like
me to book it for you? how many tickets do you
need?
User : Yes, I’ll need to know the travel time
please.
System : the travel time is 28 minutes. is there
anything else i can help you with?
...

Both systems fulfill the user goal by correctly
providing requestable information: duration=28
minutes. ConvLab-3 evaluator marks both con-
versations as successful, and the user simulator,
langEmoUS, gives the same sentiment rating in
each turn. Despite this, GPT-4o-mini prefers
System_B (LUSTER) over System_A (LUSTER-
base) based on more nuanced system behaviours
as highlighted in blue colour above, with the fol-
lowing explanation:

System_B demonstrates better overall perfor-
mance compared to system_A. It successfully
engages the user by immediately presenting the
number of trains available for their specified cri-
teria, which adds a layer of informativeness that
system_A lacks.
Additionally, system_B reiterates the specific
train details, contributing to a fluid interaction.
...
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