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1 | INTRODUCTION

Yohan Lee!

| Jin-Xia Huang'?® | Jonghyuk Lee’

Summary

Reinforcement learning from human feedback (RLHF) has shown strong
potential for aligning language models, but its role in task-oriented dialogue
(TOD) remains unclear. In TOD, models are typically trained with local turn-
level supervision, while system behavior is evaluated through broader
interaction-level properties. This mismatch becomes more challenging in
online settings, where explicit dialogue-level rewards and human preference
annotations are unavailable. In this work, we study whether RLHF can be use-
fully applied to TOD under this limitation. We consider two task-annotation
regimes, partially annotated and fully annotated TOD data, and construct
pseudo-preference pairs using empirical ranking heuristics motivated by prior
work on synthetic feedback and model-based ranking signals. We then train
reward models on the constructed pairs and optimize dialogue policies with
Preference policy optimization (PPO) using simulator-generated online trajec-
tories. Experiments on MultiWOZ 2.1 show that the proposed RLHF approach
consistently improves corpus-based evaluation over supervised baselines,
while simulator-based effects remain mixed and backbone-dependent.

KEYWORDS
deep learning, machine learning, natural language processing, reinforcement learning from
human feedback, task-oriented dialogue

benchmark performance by treating dialogue modeling
as a unified generation problem [1-4]. However, their

Task-oriented dialogue (TOD) systems are designed to
help users accomplish specific goals through multi-turn
interactions. Recent end-to-end TOD systems based on
pretrained language models have achieved strong
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training objectives remain largely local. In most end-
to-end TOD systems, the model is trained to predict inter-
mediate representations and the next system response at
each turn. By contrast, system quality is judged over the
course of the full interaction, for example, by whether
the system completes the task efficiently and avoids
unnecessary loops. Moreover, even under the same dia-
logue context and user goal, a given turn can still admit
multiple appropriate system responses [5, 6]. This makes
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it difficult to assume that a single supervised target is suf-
ficient for learning robust dialogue behavior.

This mismatch becomes particularly important in
online settings, where the system must act without access
to future turns and where dialogue-level rewards are not
directly available during interaction. In such settings,
improving turn-level generation quality does not neces-
sarily provide a reliable training signal for broader
interaction-level behavior. Prior work on dialogue rein-
forcement learning has also shown that obtaining reliable
user-level reward signals is itself a non-trivial problem,
even when explicit user ratings are available [7]. More
broadly, TOD research has explored latent-action models,
model-based critics, and multi-agent optimization in
order to better connect local decisions with interaction-
level outcomes [8-12]. These studies collectively suggest
that a central difficulty in TOD is not only generating
plausible next turns, but also learning a training signal
that better reflects interaction-level behavior under par-
tial or weak supervision.

From this perspective, we use reinforcement learning
from human feedback (RLHF) to test whether reward
learning from constructed pairwise comparisons can pro-
vide a useful optimization signal for TOD when explicit
dialogue-level rewards and human preference annota-
tions are unavailable. This is particularly relevant in our
setting because direct supervised adaptation to online tra-
jectories may be insufficient for robust optimization,
while RLHF provides a mechanism for learning a reward
signal from relative comparisons between candidate out-
puts. At the same time, applying RLHF to TOD is not
straightforward. TOD does not provide an established
human preference dataset for reward modeling, and
directly eliciting preference information from users
remains expensive and task-specific even in assistant set-
tings [13]. Moreover, even when turn-level comparison
signals can be constructed, it is not obvious how such sig-
nals will affect broader interaction-level behavior under
online interaction.

To study this question, we investigate whether con-
structed pairwise comparison signals can support RLHF
in TOD when explicit human preference annotations are
unavailable. Our study considers two task-annotation
regimes, partially annotated TOD data and fully anno-
tated TOD data. Here, fully annotated does not mean that
human preference labels are available. Rather, it indi-
cates that the dataset includes human-provided struc-
tured TOD annotations, such as belief states and system
actions, which are costly and time-consuming to obtain.
To evaluate whether our framework remains applicable
when such annotations are unavailable, we also consider
a partially annotated regime. In both regimes, we con-
struct pseudo-preference pairs using empirical ranking

heuristics motivated by prior work on synthetic feedback
and model-based ranking signals [14, 15].

Based on these constructed pairs, we train reward
models and optimize the initial dialogue policy on
simulator-generated online trajectories. We also compare
this reward-guided framework with an online-only super-
vised fine-tuning baseline trained on the same interaction
trajectories. This comparison allows us to examine
whether RLHF provides a more effective use of online
interaction data than direct supervised adaptation alone,
while explicitly evaluating both corpus-based and online
interaction settings.

In this paper, we study whether synthetic preference
pairs constructed under partially and fully annotated
task-oriented dialogue settings can support RLHF with-
out explicit human preference annotations, and we ana-
lyze their effects under both corpus-based and online
interaction settings.

2 | RELATED WORK

2.1 | Task-oriented dialogue

Recent end-to-end TOD systems increasingly model
belief states, system actions, and responses within a uni-
fied language-modeling framework [1-4,16]. Although
these approaches achieve strong benchmark perfor-
mance, they are still trained primarily with turn-level
supervision from annotated corpora. In addition, even
under the same dialogue context and user goal, a single
turn may admit multiple appropriate system
responses [6], which weakens the assumption that a sin-
gle supervised target is sufficient for learning robust dia-
logue behavior. RL has therefore been studied for TOD
policy optimization. Prior work includes latent-action
formulations for end-to-end dialogue agents [12], model-
based approaches that improve policy learning with sim-
ulated interaction or learned critics [9, 11, 12, 17], and
multi-agent formulations that jointly optimize the system
side and user side of the dialogue process [8, 10].
Response-level feedback mechanisms and newer policy-
learning formulations have also been explored for dia-
logue optimization [18-20]. Among these lines, our work
is most closely related to CASPI, which learns fine-
grained turn-level reward signals for TOD from offline
data [15]. The main difference is that we do not assume
reward labels derived from user goals during online
interaction. Instead, we construct pseudo-preference
pairs from available task annotations and study whether
such signals can support reward modeling and policy
optimization for both system behavior and response
generation.

85U8017 SUOWIWIOD BA 181D 3ol dde ay) Aq pausenob ae Sappiie O ‘8sN JO Sa|n 10} AT aUIUO AB[IMW UO (SUONIPUCD-PUE-SWBIAL0O" A 1M Al [Bul[UO//SANL) SUONIPUOD PUe SWie | 8y} 89S *[9202/80/6Z] UO Aeiq1T8Ul|UO /8|1M 'SUOITEOIUNWILIOS P | PUe SOIU0198 (3 AQ ETE0-GZ0Z" [IB/8TZY 0T/I0P/L0d A8 | im" Ake.q Ul |uo// Sty Wo.j pepeojumoq ‘0 ‘9ZEL£€22



GWON ET AL.

2.2 | Reinforcement learning from
human feedback

RLHF has been widely studied as a framework for align-
ing language models with human judgments, typically
using human-annotated preference data to train reward
models and optimize policies [21-26]. However, collect-
ing such data is expensive and task-specific, and TOD
does not provide an established human preference cor-
pus. Recent work has therefore explored synthetic feed-
back as a practical alternative to direct human
annotation [14, 27]. Our work follows this direction, but
differs in task setting and objective. We focus on TOD,
where the final objective is defined at the dialogue level
and explicit human preference annotations are unavail-
able. In this setting, we ask whether synthetic turn-level
preferences can serve as a practical training signal for
reward modeling and policy optimization under online
interaction.

3 | METHOD

In this section, we introduce a framework for applying
RLHF by generating a turn level preference dataset with-
out any human intervention. Figure 1 illustrates the
entire process. Typically, the SFT dataset used to train
the initial RL policy and the preference data used to
train the reward model(RM) are derived from different
dialogue contexts. To achieve this, we partition the data
to create separate datasets for SFT and for constructing
the preference dataset. A portion of the partitioned data

Prediction of y by D,~D,
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is used to train a stable initial RL policy via SFT, while
the remaining data is employed to generate the prefer-
ence dataset for training the RM. The constructed
preference dataset is then used to train the RM and to
generate an online dataset for RL. In the final step, we
train the RL policy model on the online dataset using the
rewards provided by the RM, via Preference policy opti-
mization (PPO) [28].

3.1 | Dataset partitioning

We partition the dataset to separate the data use for train-
ing the RM from the data used for training the initial RL
policy. Relying on the same data for both models risks
propagating the dataset’s inherent limitations and biases.
When the dataset is skewed toward specific patterns or
issues, both models may overfit to those patterns and
struggle to generalize in new or online environments.
This in turn creates challenges during subsequent RL
training with an online dataset. To address these issues,
we randomly split the data into K folds. One fold is used
to train the initial RL policy, while the remaining folds
generate the preference dataset. In our experiments, In
our experiments, we use a 4-fold split and denote the sub-
sets as Dy, D1, D,, and D;. Experiments on both partially
annotated and fully annotated TOD datasets depend on
whether subsets Dq,D,, and D; are annotated with sys-
tem actions and belief states.

Table 1 shows the distribution of domains within the
4-fold split of the data. Despite random splitting,
the domain distribution remains relatively balanced,

ConvLab-2

Positive dataset

Negative dataset
tem

Policy gradient optimize

Jlo) model :

FIGURE 1 Overall pipeline of the proposed method. The framework partitions the dataset, constructs pseudo-preference pairs under
partially annotated and fully annotated settings, trains a reward model, and optimizes the initial policy with PPO using simulator-generated

online trajectories.
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TABLE 1 Four-fold dataset domain distribution.

Domain(s) D, D, D, D;

Restaurant 280 317 325 277
Hotel 117 123 134 139
Hospital 79 55 70 83
Taxi 89 75 79 83
Police 54 65 59 67
Train 81 60 70 71
Attraction 27 33 36 31
Hotel-Train 287 277 239 274
Restaurant-Train 219 219 220 216
Attraction-Train 210 223 217 233
Hotel-Attraction 120 102 116 99
Restaurant-Attraction 88 101 109 97
Restaurant-Hotel 109 129 124 100
Restaurant-Hotel-Taxi 118 116 99 120
Restaurant-Attraction-Taxi 110 100 106 114
Hotel-Attraction-Taxi 120 113 105 106
Total 2108 2108 2108 2110

which helps to alleviate concerns about distributional dis-
crepancies between the subsets. In our experiments, we
use subset D, for the initial RL policy and employ the
other subsets to construct the preference dataset for the
reward model. A description of the data used here is pro-
vided in Section 4.1.

3.2 | Supervised fine-tuning

We perform supervised fine-tuning on the partitioned
data and train My, M, M,, and M3 on subsets Dy, D;, D,
and Ds, respectively. The training follows the UBAR
method [4]. For each turn ¢, given the previous dialogue
history H,, user utterance Uj, belief state B;, database
search result DB, system action A;, and system response
R, the model generates the output sequence in the order
(H, Uy, B, DB;, A, Ry).

The model M, is later used as the initial policy model,
as the initialization backbone for reward modeling, and
as the system model for generating the online dataset. In
contrast, M1, M,, and M3 are used only during pseudo-
preference construction in the fully annotated setting.
When the data are not annotated, subsets D;, D,, and D3
cannot be used for supervised training because they lack
belief-state and system-action annotations. In that case,
only M, is available.

In addition, for subsets without system-action
annotations, we train a separate model M, to predict

the system action from the system response so that
pseudo-preference pairs can be constructed. This model
is trained on D, and generates output in the order
(H,, Uy, R, Ay).

3.3 | Synthetic preference dataset
construction

To optimize the policy and generate responses via
RLHF, we require a preference dataset for training the
RM. Each preference instance consists of a dialogue con-
text (Hy, Uy, By, DB;) and two candidate outputs, a positive
candidate (Apes,Rpos) and a negative candidate
(Aneg, Rneg)- Because existing TOD corpora do not provide
human preference annotations, we construct pseudo-pref-
erence pairs using empirical ranking heuristics motivated
by prior work on synthetic feedback and model-based
ranking signals [14, 15]. These heuristics are not intended
to fully recover human judgment. Instead, they provide
an operational training signal for reward modeling under
different task-annotation regimes.

3.3.1 | Partially annotated setting

In the partially annotated setting, only subset D, is
annotated and used for supervised training. As a result,
subsets D;,D,, and Dz, which are used to construct the
preference dataset, cannot be used to train partition-
specific models because they lack the
structured annotations required for standard TOD train-
ing. In this setting, we therefore construct pseudo-
preference pairs by treating the original system response
in the data as the proxy positive candidate and the
response generated by the initial model M, as the proxy
negative candidate.

Concretely, subsets D;,D,, and D5 are used to con-
struct the positive candidate sets D™ and the negative
candidate sets D™°%!, For each dialogue context, M, pre-
dicts the system action and response from the user
response, producing (Aneg,Rneg). The proxy positive
response Ry is taken directly from the original system
response in the dataset. Because the system action is not
available for these subsets, we use the model M, to gen-
erate the corresponding proxy positive action Ap, from
Rpos- The belief state and database search result used in
the dialogue context are obtained from the available
annotations and preprocessing pipeline. We denote the
resulting pseudo-preference direction as

phuman - pmodel =1, 2,3, (1)
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where > indicates the direction of the constructed rank-
ing signal rather than a validated human preference
judgment.

3.3.2 | Fully annotated setting

In the fully annotated setting, subsets D;, D,, and D5 are
annotated and can therefore support supervised training.
This allows us to train partition-specific models and use
them to construct stronger pseudo-preference pairs. In
this setting, we treat outputs generated by models trained
on the target partition as proxy positive candidates and
outputs generated by the initial model M, on the same
partition as proxy negative candidates.

Specifically, because each subset is annotated,
supervised fine-tuning can be applied to each partition to
obtain partition-specific models. Using the fine-tuned
model corresponding to each partition, we generate
(Aposs Rpos) to obtain D", DI, and DY'. For the same sub-
sets, the initial model M, is used to predict (Aneg,Rneg),
thereby producing D™, DS", and D$". The belief state
and database search results used in the dialogue context
are drawn from the original data annotations. We denote
the resulting pseudo-preference direction as

DI >D%, n=1,2,3, (2)

where > again denotes the direction of the constructed
ranking signal used for reward-model training.

3.4 | Reward modeling
In the reward modeling stage, we train the reward model
on the constructed positive and negative candidate pairs.
Given a dialogue context ¢ and two candidate output
sequences Yp,s and Yy, the reward model is trained to
assign a higher score to the positive candidate than to the
negative candidate. Here, each candidate sequence corre-
sponds to the action-response sequence constructed for
the same dialogue context.

The loss function for the reward model is defined as
follows:

J(g) = _E<C’Ypos’Yneg>ND

[log <a (rg(ypos|c) - rg(ynegk)))}_ (3)

Here, ¢ denotes the dialogue context, and y,,; and y;,
denote the positive and negative candidate output

ETRI Journal-W] LEYJ—S

sequences, respectively. The reward model is initialized
from M, and optimized on the constructed pseudo-
preference dataset.

3.5 | Online dataset construction

We construct online interaction data using the user simu-
lator provided by ConvLab-2 [29] as a proxy for real
users. The user simulator employs a rule-based policy
module, while the system simulator is set to the fine-
tuned TOD model Mj. After extracting user goals from
the training subsets Dy, D,, and D3, we use these goals to
initiate simulated interactions between the user simula-
tor and the system simulator.

Because the resulting online dialogues are later used
for reinforcement learning, we sample 1 K user goals
from the training data to avoid goal contamination in the
test phase. We then collect online interaction trajectories
through simulator-based dialogue rollouts.

To examine whether RLHF remains effective under
online data of different quality, we construct three online
datasets using different response generation modules in
the user simulator. As shown in Table S1, the resulting
online datasets differ substantially in quality, which
allows us to test the robustness of RLHF under varying
online interaction conditions. Detailed descriptions of the
response generation modules are provided in Section S1.

4 | EXPERIMENTS

We evaluate the proposed framework under two task-
annotation regimes, partially annotated data and fully
annotated data. For each regime, we construct synthetic
preference pairs, train a reward model, and optimize the
initial policy on simulator-generated online interaction
data. To separate the effect of reward-guided optimiza-
tion from that of simple additional data exposure, we also
include an online-only supervised fine-tuning baseline
trained on the same trajectories. All experimental set-
tings, learning rates, and batch sizes follow the configura-
tions summarized in Table 2.

41 | Dataset

MultiWOZ 2.1 [30], collected through human-to-human
interactions, is an open-source dataset widely used for
studying TOD systems. This dataset comprises TOD dia-
logues for a single domain and multiple domains across
7 domains (hotel, hospital, attraction, train, restaurant,

85U8017 SUOWIWIOD BA 181D 3ol dde ay) Aq pausenob ae Sappiie O ‘8sN JO Sa|n 10} AT aUIUO AB[IMW UO (SUONIPUCD-PUE-SWBIAL0O" A 1M Al [Bul[UO//SANL) SUONIPUOD PUe SWie | 8y} 89S *[9202/80/6Z] UO Aeiq1T8Ul|UO /8|1M 'SUOITEOIUNWILIOS P | PUe SOIU0198 (3 AQ ETE0-GZ0Z" [IB/8TZY 0T/I0P/L0d A8 | im" Ake.q Ul |uo// Sty Wo.j pepeojumoq ‘0 ‘9ZEL£€22



GWON ET AL.

6—l—Wl LEY-ETRI Journal

TABLE 2 Experiment hyperparameters for SFT, RM, and PPO
stages and common hyperparameters.

Hyperparameter Value
SFT stage
Epochs 15
Batch size 16
Learning rate 1x107*
Online fine-tuning epochs 3
RM stage
Model My
Epochs 5
Batch size 16

Learning rate 1x10~*

Development set size 10% of preference dataset

PPO stage
Model M,
Steps 1600
Batch size 4or8
Learning rate 1x10°
B 0.2
Common
Optimizer AdamW

Linear scheduler
without warmup

NVIDIA A100(80G)

Learning rate scheduler

Training device

police, and taxi). It also provides train/dev/test splits for
8434/1000/1000 dialogues. We follow the provided split
and the preprocessing procedures described in DAMD-
MultiwOZ.*

4.2 | Evaluation metric

We evaluate our method in two complementary settings:
corpus-based evaluation and simulator-based evaluation.
We retain the standard corpus-based metrics widely used
in MultiWOZ-style TOD evaluation to ensure compara-
bility with prior work, and we additionally use simulator-
based evaluation to assess interaction-level behavior
beyond turn-level response matching.

In the corpus-based setting, we evaluate model
responses to user utterances in the corpus given the
ground-truth belief states. We report Match, which mea-
sures whether the system provides the correct entity, Suc-
cess, which measures whether the system provides the

“https://github.com/thu-spmi/damd-multiwoz.

correct entity and all requested information, and
BLEU ([33], which measures surface-level similarity
between generated and human responses. We also report
the Combined score [34], defined as

(Match + Success) x 0.5+ BLEU. (4)

We use these corpus-based metrics as standard refer-
ence points rather than as complete measures of dialogue
quality. To complement them, we also conduct
simulator-based evaluation using the ConvLab-2 frame-
work [29]. In this setting, Success Rate measures whether
the system provides the correct entity and all requested
information, including booking information when
needed. Completeness measures whether the original
user goal is fulfilled, and Turns denotes the average num-
ber of conversational turns per dialogue. Each simulator-
based result is averaged over three independent runs. All
simulations use user goals from the MultiWOZ 2.1 test
split and the GPT-based response module. We interpret
corpus-based and simulator-based results jointly, together
with the diagnostic analyses in Section 4.3.

4.3 | Experimental results

In this section, we evaluate the proposed synthetic
preference-based RLHF framework from three comple-
mentary perspectives. First, we examine whether syn-
thetic preference construction improves corpus-based
evaluation over the supervised baseline trained on the
annotated subset. Second, we compare RLHF with
online-only supervised fine-tuning to determine whether
the observed gains come from reward-guided optimiza-
tion rather than from simple additional exposure to
online trajectories. Third, because simulator-based out-
comes are not uniformly positive, we analyze how RLHF
changes dialogue behavior across backbones and investi-
gate the mechanisms behind these differences.

43.1 | Corpus-based gains from synthetic
preference construction

We first examine whether synthetic preference construc-
tion can compensate for the lack of full dialogue annota-
tion. In the partially annotated setting, only D, is
available for supervised training, and the baseline My is
therefore the strongest model that can be obtained with-
out exploiting the remaining unannotated dialogues.
Table 3 shows that RLHF in the partially annotated set-
ting consistently improves corpus-based performance
over M.
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TABLE 3 MultiWOZ 2.1 corpus-based and simulator-based evaluation results across backbone models and training settings.

Corpus-based evaluation Simulator-based evaluation
Setting Online dataset generator Match Success BLEU Combined Successrate Completeness Turns
GPT-2[31]
M, - 87.00 78.50 16.15 98.90 90.83 92.70 7.18
Monline Template 81.60 73.10 15.39 92.74 89.10 92.40 7.69
SCLSTM 81.90 71.70 14.78 91.58 80.47 82.47 8.69
SCGPT 82.30 73.70 16.16 94.16 93.73 95.27 7.18
Mpariany  Template 87.90 78.80 16.16 99.51 90.07 93.40 7.02
SCLSTM 88.10 78.80 16.03 99.48 92.10 95.80 7.05
SCGPT 88.20 79.60 16.35 100.25 91.23 93.63 7.05
Miuny Template 87.80 77.80 16.10 98.90 88.77 92.00 7.01
SCLSTM 88.30 79.70 16.04 100.04 92.13 94.60 7.02
SCGPT 88.20 78.00 16.06 99.16 89.40 92.87 6.94
DistilGPT-2*
M = 85.20 75.10 16.89 97.04 97.53 99.20 7.42
Monline Template 78.00 64.20 15.72 86.82 97.53 98.93 7.58
SCLSTM 77.80 66.30 15.78 87.83 95.73 97.33 7.78
SCGPT 75.00 65.30 16.49 86.64 97.70 99.00 7.53
Mpartiany ~ Template 86.70 77.30 16.67 98.67 96.87 98.80 7.37
SCLSTM 86.20 77.00 16.48 98.08 96.77 98.83 7.30
SCGPT 85.80 75.90 16.50 97.35 97.07 98.87 7.30
Miuny Template 86.35 76.40 16.66 98.11 96.77 98.90 7.28
SCLSTM 85.70 76.20 16.61 97.56 96.90 98.90 7.32
SCGPT 85.40 76.20 16.43 97.23 96.30 98.83 7.26
Pythia-70M][32]
M - 82.90 71.60 12.94 90.19 93.90 97.30 7.58
M online Template 78.10 65.50 13.57 85.37 95.77 97.83 7.80
SCLSTM 77.10 61.10 11.90 81.00 87.27 89.60 9.28
SCGPT 79.80 66.30 13.34 86.39 95.00 97.67 7.61
Mpariany  Template 84.30 71.70 12.97 90.97 93.67 96.87 8.06
SCLSTM 83.50 71.10 13.11 90.41 93.90 97.17 7.77
SCGPT 84.10 72.40 12.83 91.08 94.50 97.27 8.04
Miuny Template 84.70 71.50 13.09 91.19 93.80 97.03 8.02
SCLSTM 84.80 72.20 13.03 91.53 93.67 97.10 7.91
SCGPT 84.60 72.10 13.03 91.38 94.13 97.30 7.88

Note: M) is the supervised baseline, Moniine is the online-only supervised fine-tuning baseline, and Mpartiany and My,yy are the RLHF-trained models under
partial and full annotation settings, respectively.
“https://huggingface.co/distilbert/distilgpt2.

For GPT-2, Mpartiany improves Match from 87.00 to RLHF under partial annotation, improving Match from
87.90-88.20, Success from 78.50 to 78.80-79.60, and Com- 82.90 to 83.50-84.30, Success from 71.60 to 71.10-72.40,
bined from 98.90 to 99.48-100.25. DistilGPT-2 shows a and Combined from 90.19 to 90.41-91.08.
similar pattern, where Match increases from 85.20 to These results indicate that unannotated dialogues,
85.80-86.70, Success from 75.10 to 75.90-77.30, and Com- although unusable for direct supervised fine-tuning, can
bined from 97.04 to 97.35-98.67. Pythia also benefits from  still provide useful learning signals once they are
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converted into synthetic preference pairs. From a practi-
cal perspective, this is important because fully annotating
belief states and system actions for dialogue logs is costly.
At the same time, these gains should be interpreted as
corpus-based improvements. We therefore analyze
simulator-based behavior separately in the following
subsections.

4.3.2 | RLHF better utilizes online data than
online-only fine-tuning

We next compare RLHF with the online-data-only base-
line Mgpiine, Which fine-tunes M, directly on the same
online dataset without reward modeling or policy optimi-
zation. Across all three backbones, Table 3 shows that
Moniine yields substantially worse corpus-based perfor-
mance than both Mpartany and Mypy.

This gap is especially clear when the online data are
generated by SCLSTM. For GPT-2, Mypjine With SCLSTM
reaches Match 81.90, Success 71.70, and Combined 91.58,
whereas Mpaiany With the same online data improves
these values to 88.10, 78.80, and 99.48. DistilGPT-2
exhibits a similar pattern, where SCLSTM-based M pjine
achieves 77.80, 66.30, and 87.83, while Mpariany increases
them to 86.20, 77.00, and 98.08. For Pythia, the same
comparison is 77.10, 61.10, and 81.00 for Myjine Versus
83.50, 71.10, and 90.41 for Mpartially-

These results show that merely exposing the policy to
online interaction data is not sufficient. The online data
alone can even degrade corpus-based quality when opti-
mized only through supervised imitation. In contrast,
RLHF makes substantially better use of the same data by
combining online interaction trajectories with reward sig-
nals learned from synthetic preferences. This suggests
that the benefit of RLHF in our setting is not simply addi-
tional data exposure, but a more effective way of extract-
ing useful supervision from online interactions.

4.3.3 | Effect of online dataset quality
The benefit of RLHF should also be interpreted in light
of the quality of the online datasets themselves. Table S1
shows that the three online data generators produce sub-
stantially different interaction quality. Template-based
data achieve a success rate of 96.25 and completeness of
98.25 with 7.10 turns, while GPT-based data achieve
96.87 and 99.13 with 6.81 turns. In contrast, the LSTM-
based online data are markedly weaker, with a success
rate of 82.98, completeness of 85.46, and 8.24 turns.
These differences are reflected most strongly by
Moniine- In Table 3, the models trained only on online

data are most sensitive to the weaker SCLSTM setting.
This effect is especially pronounced for Pythia, where
SCLSTM-based Mpjine records the lowest corpus-based
and simulator-based performance among the online-only
models. Therefore, online-only supervised fine-tuning
largely inherits the strengths and weaknesses of the col-
lected online data.

RLHF, however, appears less tightly coupled to these
raw data characteristics. Although the quality of the
online dataset still matters, the robustness analysis in
Table S2 shows that the direction of turn change remains
stable across all three online datasets. GPT-2 consistently
shows negative A Turns, DistilGPT-2 also shows negative
A Turns, and Pythia consistently shows positive A Turns.
This suggests that RLHF does not merely imitate the
online data distribution, but instead reshapes behavior
through reward-guided optimization. These results sug-
gest that RLHF may make more stable use of such data
than online-only supervised fine-tuning in our setting.

434 | Backbone-dependent turn-level
effects of RLHF

We further examine whether RLHF changes dialogue
length in a backbone-dependent manner. Table 4 sum-
marizes turn-related changes over all matched SFT-PPO
simulation pairs. A clear pattern emerges: PPO reduces
the average number of turns for GPT-2 and DistilGPT-2,
but increases it for Pythia.

For GPT-2, PPO reduces the average number of turns
by 0.190 while leaving the quality-related metrics nearly
unchanged (A Success =—0.744 pp, A Complete =
+0.456 pp). In addition, 30.9% of paired dialogues
become shorter without any drop in success or
completeness.

DistilGPT-2 shows the same direction of change, with
A Turns =—0.136. However, unlike GPT-2, its quality
changes are slightly less favorable (A Success = —0.878
pp, A Complete =—0.322 pp), even though 33.1% of
paired dialogues still become shorter without any
quality drop.

In contrast, Pythia does not exhibit turn reduction.
Instead, PPO increases dialogue length by 0.361 turns on
average, while 37.8% of paired dialogues become longer
without any gain in success or completeness.

Overall, these results show that RLHF can change
interaction length, but the direction of that change is
backbone-dependent. For stronger backbones, PPO tends
to shorten interactions while largely preserving task-
related quality. For the weaker backbone, the same opti-
mization can instead lead to longer trajectories without
clear dialogue-level benefit.
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TABLE 4 Backbone-level turn changes after PPO training, averaged over all matched SFT-PPO simulation pairs (3 online datasets x 3

run suffixes).

Average change (PPO — SFT)

Dialogue-level ratio (%)

Reduced Increased Shorter/nodrop Longer/no gain
35.2 314 30.9 28.0
34.2 27.9 331 27.2
31.0 39.6 29.4 37.8

Note: PPO reduces average turns for GPT-2 and DistilGPT-2 but increases them for Pythia, indicating that the turn-efficiency benefit of RLHF is backbone-

Backbone Npairs A Turns A Success A Complete

GPT-2 9 —0.190 —0.744 +0.456

DistilGPT-2 9 —0.136 —0.878 —0.322

Pythia 9 +0.361 —0.033 —0.156
dependent.

TABLE 5 Dialogue-level diagnostic analysis of turn changes.
Backbone Diagnostic subset Mean A Turns
GPT-2 Shorter, no quality drop —2.278
DistilGPT-2 Shorter, no quality drop —1.955
Pythia Longer, no quality gain +2.745

Mean A Mean A

Offerbook RefusalPersist Interpretation

—0.532 —0.105 Fewer booking loops

—0.675 —0.151 Branch pruning/simplified
booking

+1.459 +0.488 Persistent booking behavior

Note: Values are averaged within selected subsets of paired dialogues. The clearest non-zero differences are booking-related. GPT-2 and DistilGPT-2 become
shorter when PPO reduces booking prompts and booking persistence, whereas Pythia becomes longer when these behaviors increase.

435 |
changes

Diagnostic analysis of turn-level

To better understand why turn counts change after PPO,
we conduct a paired dialogue-level diagnostic analysis
based on the simulation logs. The diagnostics reported in
Table 5 are heuristic measures derived from system
action and we use them only to interpret the observed
turn changes rather than as primary evaluation metrics.

The clearest non-zero diagnostic differences are
booking-related. For GPT-2, the subset of dialogues that
becomes shorter without any quality drop shows a mean
A Turns of —2.278, together with decreases in booking
prompts (A Offerbook = —0.532) and booking persistence
after user refusal (A RefusalPersist = —0.105). This indi-
cates that GPT-2 PPO tends to reduce unnecessary
booking-related interaction loops.

DistilGPT-2 exhibits a similar but slightly weaker pat-
tern. In the shorter-without-quality-drop subset, A Turns
is —1.955, while A Offerbook and A RefusalPersist
decrease to —0.675 and —0.151, respectively. This sup-
ports the descriptive finding that DistilGPT-2 becomes
shorter after PPO, but the mechanism is better character-
ized as pruning booking-related branches than as uni-
formly improved dialogue control.

Pythia shows the opposite trend. In the subset of dia-
logues that becomes longer without any quality gain, A
Turns rises to +2.745, accompanied by increases in book-
ing prompts (A Offerbook =+1.459) and booking

persistence (A RefusalPersist =+0.488). This suggests
that PPO amplifies booking-related interaction loops in
Pythia rather than compressing them.

Taken together, these diagnostics provide a concrete
interpretation of the backbone-dependent turn pattern
observed in Table 4. RLHF shortens dialogues when the
backbone can suppress redundant booking-related behav-
ior, but it may lengthen dialogues when the policy fails to
stabilize these behaviors under reward optimization. This
interpretation is also consistent with the qualitative
examples in Section S3. Figures S1 and S2 show represen-
tative cases where RLHF shortens the interaction for
GPT-2 and DistilGPT-2, whereas Figure S3 shows the
opposite case for Pythia, where the RLHF policy con-
tinues booking-related responses after user refusal and
drifts into another domain, increasing dialogue length
without improving task success or completeness.

5 | CONCLUSIONS

This paper investigated whether reinforcement learning
from human feedback can be applied to TOD when
explicit human preference annotations are unavailable.
To study this problem, we proposed two synthetic prefer-
ence construction strategies for partially annotated and
fully annotated task-oriented dialogue data and used the
resulting preference pairs to train reward models for pol-
icy optimization.
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Across the evaluated settings, synthetic-preference
RLHF consistently improved corpus-based evaluation
over the supervised baseline trained on the annotated
subset. In addition, RLHF made better use of the same
online interaction trajectories than online-only super-
vised fine-tuning, which often degraded when trained
directly on simulator-generated data. These findings sug-
gest that converting dialogue data that are not directly
usable for standard supervised training into preference
pairs can turn them into useful training signals.

At the same time, our results show that the effect of
RLHF is not uniform in simulator-based evaluation. The
turn-level effect of PPO is backbone-dependent. For stron-
ger backbones, PPO tends to shorten interactions while
largely preserving task-related quality. For the weaker
backbone, the same optimization can instead lead to lon-
ger trajectories without clear dialogue-level benefit. Our
diagnostic analysis suggests that these differences are
closely related to booking-related interaction loops, which
are suppressed in some backbones but amplified in others.

Overall, our findings support a narrower conclusion
than claiming that RLHF broadly solves alignment for
task-oriented dialogue. Instead, they show that synthetic
turn-level preferences can provide a practical training sig-
nal for task-oriented dialogue in the absence of manual
preference annotations, while the resulting gains remain
condition-dependent and sensitive to backbone behavior
and the quality of the constructed feedback. Future work
should directly examine how well the constructed prefer-
ences align with human judgment and extend the evalua-
tion beyond a single benchmark and a simulator-based
online setting.
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