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Abstract

Reinforcement learning from human or Al
feedback (RLHF/RLAIF) for speech-in/speech-
out dialogue systems (SDS) remains under-
explored, with prior work largely limited to
single semantic rewards applied at the utter-
ance level. Such setups overlook the multi-
dimensional and multi-modal nature of con-
versational quality, which encompasses seman-
tic coherence, audio naturalness, speaker con-
sistency, emotion alignment, and turn-taking
behavior. Moreover, they are fundamentally
mismatched with duplex spoken dialogue sys-
tems that generate responses incrementally,
where agents must make decisions based on
partial utterances. We address these limitations
with the first multi-reward RLAIF framework
for SDS, combining semantic, audio-quality,
and emotion-consistency rewards. To align
utterance-level preferences with incremental,
blockwise decoding in duplex models, we ap-
ply turn-level preference sampling and aggre-
gate per-block log-probabilities within a single
DPO objective. We present the first systematic
study of preference learning for improving SDS
quality in both multi-turn Chain-of-Thought
and blockwise duplex models, and release a
multi-reward DPO dataset to support repro-
ducible research. Experiments show that single-
reward RLAIF selectively improves its targeted
metric, while joint multi-reward training yields
consistent gains across semantic quality and
audio naturalness. These results highlight the
importance of holistic, multi-reward alignment
for practical conversational SDS.

1 Introduction

Spoken dialogue systems (SDS) are rapidly evolv-
ing from turn-based voice assistants (Face, 2024;
Xie and Wu, 2024) toward real-time, full-duplex
conversational agents (Nguyen et al., 2023; Meng
et al., 2024; Zhang et al., 2024d; Défossez et al.,
2024) capable of listening and speaking simulta-
neously. Advances in end-to-end architectures,

speech foundation models (KimiTeam et al., 2025;
Tian et al., 2025a; Arora et al., 2025a), and duplex
decoding (Veluri et al., 2024; Zhang et al., 2024c)
have enabled more natural interactions, reduced
latency, and improved conversational flow. Yet,
despite these modeling breakthroughs, achieving
human-preferred conversational behavior, seman-
tic coherence, natural prosody, emotionally aligned
delivery, and responsive turn-taking, remains an
open challenge (Lin et al., 2025a). As systems be-
come more sophisticated, small errors in timing,
prosody, or semantic drift can accumulate across
turns, directly degrading user experience.

These challenges highlight a growing alignment
gap between advances in duplex modeling and the
ability to optimize SDS for human-preferred con-
versational behavior. While there have been efforts
to apply reinforcement learning from human or
Al feedback (RLHF / RLAIF) as a post-training
mechanism in text-based dialogue models and cas-
caded systems (Yoshida et al., 2025; Su et al., 2016;
Serban et al., 2018), systematic investigations of
preference learning for end-to-end (E2E) spoken
dialogue systems remain scarce. To address this
gap, recent work (Chen et al., 2024a; Zhang et al.,
2024a; Cao et al., 2025) has begun applying RLHF /
RLAIF to speech-based systems, but each explores
only a narrow slice of the alignment space. One
such work (Wu et al., 2025) shows that large-scale
semantic preference learning can improve factual-
ity, safety, and coherence in a deployed duplex SDS
by transcribing real user—agent dialogues and using
an LLM judge to generate preference data. Align-
SLM (Lin et al., 2025b) demonstrates that LLM-
based semantic evaluation can effectively guide
preference optimization in speech-to-speech lan-
guage models, producing more coherent and less
repetitive continuations. ORISE (Chen et al., 2025)
focuses on temporal alignment, using online RL
with heuristic, audio-driven rewards to improve
turn-taking behavior and responsiveness without
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Figure 1: Overview of the proposed dataset-level Multi-Reward RLAIF framework. Unlike prior work that optimizes
single rewards (typically semantic quality), we construct four independent preference datasets targeting semantic
coherence, audio naturalness, intelligibility, and emotion consistency. These datasets are jointly sampled within a
single DPO objective, rather than being applied in a sequential manner. The framework supports both turn-by-turn
CoT and blockwise duplex SDS by aggregating per-block log-probabilities under utterance-level preferences (S. 4.2)

requiring labeled data. Together, these works illus-
trate the promise of RLHF for SDS.

However, these approaches still fall short of
what real-time SDS demand. First, all exist-
ing methods optimize a single reward dimension,
typically semantic quality or turn-taking, even
though conversational quality is inherently multi-
objective, jointly shaped by semantics, audio natu-
ralness, speaker style consistency, emotional tone,
and responsiveness. Second, most current RLHF
pipelines assume full-utterance feedback, which is
incompatible with duplex SDS where the model
must commit to partial utterances and make in-
flight decisions before sentence boundaries are de-
tected. Third, while audio-based preference learn-
ing has recently gained traction in text-to-speech
(TTS) systems (Chen et al., 2024a; Tian et al.,
2025b), it remains largely unexplored in the context
of SDS. Existing SDS-focused RLHF approaches
primarily optimize semantic or timing-related ob-
jectives and do not incorporate audio-level rewards,
such as MOS-based quality estimators or emotion
similarity with human reference responses, within
a unified dialogue-level learning framework. As
a result, the potential of audio-centric rewards to
jointly improve conversational quality in SDS has
yet to be systematically studied.

To overcome these limitations, (1) we propose
a multi-reward RLAIF framework for speech-
in/speech-out SDS. Rather than introducing a new

SDS architecture, our contribution lies in a general
alignment strategy that optimizes conversational
quality across multiple dimensions, including se-
mantic coherence, audio naturalness, intelligibility,
and emotion consistency. Our framework is orthog-
onal to the underlying model architecture and can
be directly applied to stronger or larger SDS back-
bones without modification. (2) We address the
mismatch between incremental decoding in duplex
SDS and sentence-level rewards by introducing a
streaming preference learning formulation that ap-
plies utterance-level feedback to partial, blockwise
generation, enabling RLAIF to shape in-flight de-
cisions in duplex streaming models (Arora et al.,
2025c¢). Applied to multi-turn Chain-of-Thought
SDS models and duplex architectures, our frame-
work delivers consistent improvements across se-
mantic and acoustic metrics. This work establishes
a unified foundation for holistic alignment of SDS,
moving beyond semantic-only optimization toward
agents that sound better and interact more naturally.
() Finally, we will publicly release the first large-
scale multi-reward preference learning dataset for
SDS, together with all training and inference code,
enabling reproducible RLAIF research for speech-
in/speech-out conversational agents.

2 Problem Formulation

As modelled in prior works (Arora et al., 2025c),
SDS take a d-dimensional continuous feature
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stream X = (x; € R |t =1,...,T) as input au-
dio from the user and generate a synchronized spo-
ken response Y% = (yi® e R? |t = 1,...,T),
where 7' is the total duration of the conversation,
including multiple turns. The objective of an SDS
is to generate speech outputs that are coherent,
natural, and contextually appropriate, typically
modeled by estimating the conditional distribution
P(Y*%| X, XPK) where X*PX represents a speaker
or style prompt controlling vocal characteristics
(e.g., timbre, prosody, or emotion)

3 Spoken dialogue systems

3.1 Turn by turn SDS

Traditional SDS (Glass, 1999) are commonly de-
signed around a turn-based interaction paradigm,
in which the system alternates between listening
and speaking. Under this formulation, the con-
tinuous input—output streams are partitioned into
a sequence of turns, i.e. Y% = {y3% | | =
1,...,K}and X = {Xy | k=1,..., K} where
K denotes the total number of turns. Given this
turn-based interaction, the system models the over-
all speech output distribution using the causality-
based conditional independence (C.1.) assumption:

PV, X™) = [T POGH Y X X7
k

)
Thus, the objective of a turn-by-turn SDS is to
predict, at each turn, the response that maximizes
this turn-level conditional probability.

Prior work (Arora et al., 2025d) has explored
incorporating structured intermediate representa-
tions, such as ASR transcripts S and textual re-
sponses S;°°, within an E2E SDS framework, yield-
ing Chain-of-Thought (CoT) E2E SDS models.
Further details on the mathematical formulation
of the CoT SDS proposed in (Arora et al., 2025d)
are in S. A.1. We adopt this CoT formulation as
the turn-by-turn SDS backbone in our experiments.

3.2 Duplex SDS

A growing body of work has explored duplex, or
simultaneous speaking-while-listening, spoken di-
alogue systems, motivated by the need to support
more natural, low-latency interactions that better re-
semble human conversational behavior (Masumura
et al., 2018; Roddy et al., 2018; Skantze, 2017;
Meena et al., 2014; Ekstedt and Skantze, 2020).
One common strategy for building duplex SDS
is the time-multiplexing approach, which alternates

between processing fixed-duration segments of user
input, and generating spoken output for the subse-
quent segment (Veluri et al., 2024). Building on
earlier turn-by-turn CoT formulations for E2E SDS,
recent work, namely SCoT, has investigated how
structured intermediate reasoning can be integrated
into blockwise duplex systems (Arora et al., 2025c¢).
Further details on the mathematical formulation of
SCoT (Arora et al., 2025¢) can be found in S. A.2.
In this work, we build on SCoT-style duplex models
and focus on aligning blockwise generation with
utterance-level preference learning.

4 RLAIF Post-training Framework

Having introduced both turn-based and duplex SDS
architectures, we now describe how these models
are aligned with human-preferred conversational
behavior through preference optimization. The spe-
cific reward functions employed in this work are
detailed later in Section 5.

4.1 Preference Optimization for
Turn-by-Tarn SDS

While the CoT-based SDS formulation (Arora et al.,
2025d) provides a structured autoregressive model
for predicting turn-level responses, it does not guar-
antee that the generated speech aligns with human
conversational preferences. To address this limita-
tion, we adopt reinforcement learning from Al feed-
back (RLAIF) paradigm (Bai et al., 2022; Lee et al.,
2023) to simulate preference signals, and apply
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) as a post-training objective. This en-
ables alignment of the turn-level SDS policy with
multi-reward preference signals spanning semantic,
acoustic, and stylistic dimensions (see Section 5).

Turn-Level Preference Pairs. For each user turn
k, we generate a set of n candidate spoken re-
sponses

_ sds sds
ykf—{Yk‘,l""’ k,n'

Using multi-reward scoring, we select one or more
preferred—dispreferred response pairs from this can-
didate set, forming preference pairs

(Y]:_:Yk_) € yk X yk’a Yk+ -~ Yk_v

where Y,:r and Y, denote the positive and negative

responses according to the reward criteria.

DPO Loss for Turn-Level SDS. Given a pref-
erence pair (Y]j, Y,”) at turn k& with turn history
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HE = (X1, Y3 |, XP%), the Direct Prefer-
ence Optimization (DPO) loss is defined as

Livo = —logo( B[20(k) — Awr(k)]), @)

where
Ag(k) = log (Y,j | H(k)) -

log 709 (Yk_ | 7—[(’“)) NG

and Af(k) is defined analogously using the frozen
reference policy mr. Here, my denotes the learn-
able SDS policy being optimized, while ¢ is a
fixed copy of the same model before preference
learning (i.e., the supervised fine-tuned SDS check-
point). The reference policy serves as an anchor
that stabilizes optimization by preventing large de-
viations from the original behavior, following stan-
dard DPO practice. The function o(-) denotes the
logistic sigmoid, and 3 controls the sharpness of
the preference margin.

4.2 Preference Optimization for Duplex SDS

Although preference labels are assigned only at
the utterance level, duplex SDS models like SCoT
generate partial speech segments in a blockwise
manner. To ensure that utterance-level DPO train-
ing remains compatible with blockwise generation,
we decompose each candidate spoken response into
fixed-size blocks and compute its log-probability
by aggregating blockwise contributions.

Blockwise Representation. Given a turn-level
response Yk,sds, we partition it into blocks of size
Nolocks i-€. Y% = {V% | b = 1,...}. This
mirrors the block sequencé used in duplex SDS for
the user speech X as discussed in S. A.2.

Blockwise Factorization of the Utterance Prob-
ability. To simplify notation, we define the turn
history up to block b as

HP = HO U (X1, ViSy1)

which augments the turn history (*) with all user
input and system output blocks generated prior
to block b within the current turn. Under the
same causality-based conditional independence as-
sumption used in time-multiplexed SDS such as
SCoT (Arora et al., 2025¢), the posterior over the
full response factorizes block-by-block as:

log W@(Y]sds ’ Xl:ku Y’lszcll;—l) =
Zlog o (Yksf}f | Hék)) )]
b

This formulation enables us to use preference pairs
(Y,,Y,) are constructed at the utterance level, as
in turn-by-turn SDS (S. 4.1), and no reward labels
are assigned to individual blocks. During training,
the utterance-level preference is applied by substi-
tuting the aggregated log-probabilities in Eq. 4 into
the DPO objective (Eq. 3). This strategy avoids
the need to define reward signals at the partial-
utterance level, an aspect that is non-trivial for most
conversational and perceptual metrics, while still
ensuring that every block contributes to optimizing
the preferred response.

5 Reward Functions

In this work, we adopt a dataset-level formulation
of multi-reward DPO. Rather than defining a single
preference pair using multiple reward constraints
simultaneously, we construct independent prefer-
ence datasets, each targeting a specific dimension
of conversational quality (semantic coherence, au-
dio quality, intelligibility, emotion consistency).
These datasets are then jointly used during DPO
post-training (see S. A.8 for more details), enabling
the SDS policy to be optimized across complemen-
tary objectives within a unified framework.

5.1 Semantic Quality Reward

To assess the semantic quality of generated spoken
responses, we adopt the LLM-based semantic eval-
uation framework introduced in Align-SLM (Lin
et al., 2025b) and adapt it to the SDS setting. For
each user turn, the CoT SDS samples multiple can-
didate intermediate text responses 5’,?5 (Eq. (15) in
Appendix A.1 for more details), which are scored
by Qwen2.5-72B-Instruct (Qwen et al., 2025) as
the LLM judge to construct DPO data (See A.9
for LLM prompt). The judge rates each candidate
on coherence, relevance and grounding with dia-
logue context, producing a scalar semantic score
between 0 and 10. In parallel, we follow prior
work (Lin et al., 2025b) and also compute an Au-
toBLEU (Lakhotia et al., 2021) score for each can-
didate, which serves as an automated filter: high
AutoBLEU values indicate repetitive phrasing or
low-diversity text that lacks meaningful semantic
content. Candidates with an LLM coherence score
above a positive threshold 7,05 and AutoBLEU be-
low a repetition threshold ¢,y are labeled as pos-
itive samples. Conversely, candidates with LLM
scores below a negative threshold 7,e, or Auto-
BLEU exceeding dpign are labeled as negative sam-
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ples. This procedure yields high-quality semantic
preference pairs for DPO training.

The semantic judge operates on text responses
and therefore produces a preference pair S} " >
S~ at each turn. To apply DPO (Eq. (2)) using
this signal, we relate the turn-level speech policy
Wg(Y,jds | X1, Yff}j_l) to the CoT factorization
(S. A.1) in which the text response 5’,?5 is an ex-
plicit intermediate variable.

Using the chain rule and Viterbi-style approxi-
mation, we can write the likelihood of a turn-level
spoken response as

log (Vs | H®)) ~ log Py(Sis | 1K)+

log Py(Yi | H®), S1%). (5)

Since the semantic preference signal depends
only on the judged text response, we modify Eq. 3
and apply DPO using only the text-policy term:

ASM (k) = log Pp(Spst | HW))—

log Py(S;~ | H™®)), (6)

(and analogously for ), which is then substituted
into Eq. (2). Intuitively, this treats semantic DPO as
directly increasing the likelihood of the preferred

text response’.

5.2 Audio Quality and Intelligibility Rewards

Beyond semantic alignment, high-quality spoken
dialogue systems must also produce responses that
are acoustically natural and intelligible. To this end,
we construct preference learning signals targeting
audio quality and intelligibility, while carefully
controlling for semantic content.

Audio Quality. To optimize acoustic naturalness,
we use an automatic speech quality estimator ¢(-)
(UTMOS (Saeki et al., 2022)) as a proxy for per-
ceived audio quality. For each dialogue turn £,
we generate a set of candidate spoken responses
Vi asin S. 4.1. Let q(YkSgS) denote the predicted

quality score for a synthesized utterance Yks‘is. We
construct preference pairs by selecting

Yt = arg max (Ve &), Y, = argmin q(des)
Y ey Yheyy,

(7

'We tried other ablations, including (i) applying DPO
jointly to text and speech responses and (ii) augmenting DPO
with an additional supervised fine-tuning (SFT) loss on speech
outputs. Across these settings, we found that a simple text-
only DPO formulation consistently achieved the strongest and
most stable improvements, while more complex variants did
not provide additional gains.

Intelligibility. Let w(YkSg.s) denote the WER be-
tween the hypothesis of synthesized speech Y;‘%S
generated by pre-trained ASR system and the
model-predicted text response 5;°°. Among candi-
dates satisfying w(Y,jgs) < Twer, We select

Y, = argminw(Y;). (8)
Yisey,

and draw negative samples from candidates with

Yk+) + 5wer}'

©)
where dy.r is a hyperparameter. This margin-based
construction avoids ambiguous comparisons and
focuses on clearly degraded intelligibility.

For both audio quality and intelligibility rewards,
we enforce that the text response S;°° is identical
for the positive and negative samples within each
DPO pair. Accordingly, the DPO objective for
audio-based rewards can be written as

Y ~ V2P € Vi | w(¥f) > w(

AP (k) = log my (Y,
log g (Y,

+ ‘ X1~k7 SC}CS 1,Sres)
|X1k’7Y1k 1asres)a (10)

As a result, the preference signal isolates the qual-
ity of the generated speech output alone, allowing
DPO to directly improve acoustic naturalness and
intelligibility without altering the underlying se-
mantic content.

5.3 Emotion-Consistency Reward

In addition to semantic quality and acoustic natu-
ralness, effective spoken dialogue systems should
convey emotions consistent with human intent. To
encourage emotionally aligned responses, we con-
struct preference pairs based on emotion similarity
between synthesized speech and human reference
speech. Emotion representations are extracted us-
ing a pretrained encoder, and a scalar similarity
score e(Y3%) is computed for each candidate. We
then select preference pairs as

Y,F = argmax e(Yk ), Y, = argmin e(Yng)
Y‘d‘eyk Y“d‘eyk

(11
subject to the constraint that the difference between
the maximum and minimum emotion similarity ex-
ceeds a threshold dem,, ensuring that the preference
signal reflects a meaningful emotional contrast. As
with audio quality and intelligibility rewards, we
enforce that the underlying text response S;™° is
identical for both Y, and Y,
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Table 1: Scale of the constructed preference learning
dataset used for multi-reward DPO training.

Reward Type # DPO Pairs
Semantic Quality 51.1K
Audio Quality 32.0K
Intelligibility 61.0K
Emotion 21.6K
Total 165.7K

6 Experiments

6.1 DPO Data Preparation.

To construct high-quality preference data for DPO
training, we begin by applying multi-turn CoT
SDS model (Arora et al., 2025d) to generate di-
verse response candidates for real conversational
contexts. We use widely adopted human—human
dialogue corpora, focusing on the Switchboard
dataset (Godfrey et al., 1992), which contains ap-
proximately 300 hours of spontaneous telephone
conversations. The constructed multi-reward DPO
dataset comprises 165.7K high-quality preference
pairs, with detailed statistics summarized in Ta-
ble 1. For semantic preference pairs construction
(see S. 5.1), the CoT model generates n = 10 can-
didate text responses per dialogue turn using top-k
sampling, ensuring sufficient lexical and semantic
diversity. For acoustic and emotion rewards (see
S. 5.2 and S. 5.3), we generate n = 10 spoken
realizations for each candidate text response using
top-k sampling. Emotion-consistency preference
pairs are constructed using emotion representations
extracted by Emo2Vec (Ma et al., 2024) from both
synthesized speech and the corresponding ground-
truth human speech. Additional details are pro-
vided in S. A.3.

6.2 Evaluation Data and Metrics

We evaluate all baselines and proposed mod-
els on the Eval2000 dataset similar to (Arora
et al., 2025¢c,d). Semantic quality is evaluated
by transcribing synthesized speech Y% using
Whisper large (Radford et al., 2023). We report
ROUGE (Lin, 2004) and METEOR (Banerjee and
Lavie, 2005) scores against human reference re-
sponses, along with perplexity (Jelinek et al., 1977)
computed using GPT-2 (Radford et al., 2019). To
better capture conversational relevance beyond n-
gram overlap, we additionally evaluate responses
using Qwen2.5-7B-Instruct as an LLM judge, fol-
lowing recent evaluation protocols (Zhang et al.,

2024c) (Prompt in S. A.9). We also report Auto-
BLEU, as a proxy for repetition and degeneration.
For RLAIF-trained models only, we further report
a win rate relative to the no-RLAIF baseline. Given
a set of evaluated samples, the win rate is defined

#(3 > Sbase) +0.5 x #(5 = Sbase)
N b
(12)
where s denotes the evaluation score for a given
sample, Spyse 18 the corresponding score from the
no-RLAIF baseline, and N is the total number of
evaluated samples. This metric reflects the propor-
tion of responses that outperform (or tie with) the
baseline under the same evaluation criterion. We
utilize the VERSA toolkit (Shi et al., 2025), mea-
suring intelligibility through Whisper hypotheses
and evaluating audio quality using UTMOS. We
measure intelligibility using word error rate (WER),
computed between the ASR transcript of the synthe-
sized speech and the model-predicted text response.
Importantly, WER measures speech realization fi-
delity, i.e., whether the generated speech accurately
reflects the model’s intended text—rather than the
semantic correctness of the response itself. We
evaluate speaking-style consistency within entire
conversations using Emo2Vec (Ma et al., 2024).
We rank all SDSs based on their emotional align-
ment and compute the average rank (“Emotion
Rank” (Arora et al., 2025d)) across all utterances.

WinRate =

6.3 Models

Following prior work (Arora et al., 2025d), we
first report results on a single-turn E2E (“Direct
E2E”) spoken dialogue system. We further bench-
mark our approach against Moshi (Défossez et al.,
2024), a strong 7B dual-channel duplex SDS base-
line2. In addition, we evaluate a multi-turn Chain-
of-Thought E2E model (Multi-turn CoT E2E) in-
troduced in prior work (Arora et al., 2025¢), which
serves as a strong reasoning-aware baseline. We
then extend our framework to the duplex set-
ting and compare against the blockwise duplex
SCoT-Response model from (Arora et al., 2025c).
For both the multi-turn CoT and duplex SCoT-
Response models, we apply RLAIF post-training
using our proposed preference-learning framework.

We conduct RLAIF post-training under multi-
ple configurations to disentangle the effects of dif-
ferent reward signals. In RLAIF (Single-Reward)
settings, models are trained using DPO pairs de-

Zkyutai/moshiko-pytorch-bf16
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Table 2: Semantic Quality Evaluation of RLAIF-Post-Trained Turn-by-Turn SDS. * Statistical significant difference
based on Wilcoxon signed rank and Paired Bootstrap Resampling tests with p-value<0.01. Values in bracket indicate
the percentage of LLM judge responses receiving low scores (< 5). Win rate is defined only for RLAIF models and
measures the proportion of samples that outperform the corresponding no-RLAIF base model.

Model ROUGE-L (1) Perplexity (]) AutoBLEU (/) LLM judge (t) Win Rate (1)
Direct E2E (Arora et al., 2025d) 8.4 302.2 51.5 5.50 (24.2%) X
Moshi (Défossez et al., 2024) 8.1 136.5 57.8 5.71 (21.0%) X
Multi turn CoT E2E (Arora et al., 2025¢) 12.1 21.2 68.3 6.18 (10.2%) X

+ RLAIF (Single-Reward) 11.9 19.9 56.5 6.33*% ( 7.1%) 55.4

+ RLAIF (Joint-Reward-v1) 11.8 19.6 61.3 6.29* ( 8.5%) 52.6

+ RLAIF (Joint-Reward-v2) 11.9 19.9 59.9 6.33% ( 7.5%) 54.4

rived from a single reward signal, namely semantic
quality, audio quality, intelligibility or emotion con-
sistency, with the objective of selectively improv-
ing the corresponding metric. In contrast, we con-
sider two RLAIF (Joint-Reward) configurations: (i)
(Joint-Reward-v1) a joint semantic—audio setting
that combines semantic, audio quality, and intel-
ligibility preference data, and (ii) (Joint-Reward-
v2) a joint semantic—audio—emotion setting that
additionally incorporates speaking-style (emotion-
consistency) preferences. This design allows for a
systematic evaluation of how individual and com-
bined preference signals contribute to overall sys-
tem performance. Additional implementation and
training details are provided in the Appendix A.4.

7 Results
7.1 RLAIF with Semantic Quality Reward

Table 2 reports semantic-quality evaluation for turn-
by-turn SDS, including general E2E baselines and
the strong duplex SDS baseline Moshi. Among
non-RLHF systems, the Multi-turn CoT E2E model
substantially outperforms both the standard E2E
and Moshi baselines in terms of semantic metrics,
establishing a strong foundation for preference-
based post-training.

Building on this baseline, RLAIF (Single-
Reward) post-training with semantic preference
data yields a statistically significant improvement
in LLM-judge scores over the Multi-turn CoT E2E
model (6.18 — 6.33, p < 0.01 under both Wilcoxon
signed-rank and paired bootstrap resampling tests),
with a corresponding win rate of 55.4%. Impor-
tantly, beyond average score improvements, RLAIF
induces a meaningful distributional shift: the pro-
portion of low-quality responses (LLM-judge < 5)
is reduced from 10.2% to 7.1%, corresponding to
a 28.5% relative reduction in poor responses. This
behavior is consistent with prior RLAIF findings,
where improvements are often driven by suppress-
ing degenerate or incoherent generations rather

than uniformly increasing mean scores.

RLATIF post-training also improves auxiliary in-
dicators of response quality. In particular, seman-
tic RLAIF substantially reduces repetition, as re-
flected by a large drop in AutoBLEU (68.3 —
56.5), and yields more coherent responses as evi-
denced by lower perplexity (21.2 — 19.9). When
extending to multi-objective optimization, RLAIF
(Joint-Reward-v1), which combines semantic, au-
dio quality, and intelligibility preferences, main-
tains strong LLM-judge performance (6.29). In-
corporating additional emotion-consistency pref-
erences in RLAIF (Joint-Reward-v2) further im-
proves LLM-judge scores (6.33) and reduces the
fraction of low-scoring responses (7.5%), demon-
strating that jointly leveraging various preferences
leads to consistent overall gains without degrading
semantic quality 3. To mitigate potential judge bias,
we additionally evaluate using independent LLM
judges (Gemini 2.5 Flash and Gemini 3 Pro Pre-
view), which are not used during training; results
are consistent with statistically significant gains for
RLAIF (p<0.01) as discussed in S. A.7.

Together, these results show that RLAIF post-
training effectively improves conversational qual-
ity in end-to-end SDS, primarily by reducing low-
quality and repetitive responses while preserving
semantic coherence. Based on qualitative inspec-
tion of model outputs, RLAIF post-training consis-
tently improves direct question answering, reduces
topic drift, and suppresses repetitive or degenerate
response patterns, aligning well with the quantita-
tive gains observed in LLM-judge scores and Au-
toBLEU. At the same time, we observe occasional
failure cases where RLAIF-trained models pro-

3For perplexity, the improvement using RLAIF (i.e. +
RLAIF (Joint-Reward-v2)) is statistically significant under
the Wilcoxon signed-rank test, although it does not reach
significance under the paired t-test. For AutoBLEU, the im-
provement using RLAIF (i.e. + RLAIF (Joint-Reward-v2)) is
statistically significant under both the Wilcoxon signed-rank
test and the paired t-test.

41055



duce responses that are overly safe or generic, and
thus do not sufficiently advance the conversation.
We provide representative qualitative examples in
T. 7 and 8 in Appendix. We additionally compare
against Qwen-Omni (Xu et al., 2025), a signifi-
cantly larger 7.5B-parameter model in S. A.6. De-
spite the scale difference, our 1.7B RLAIF-aligned
model achieves competitive conversational quality,
indicating that the proposed alignment framework
is complementary to stronger backbones rather than
tied to a specific architecture.

7.2 RLAIF with Acoustic Quality Reward

Table 3 reports audio quality and intelligibility
evaluation across general E2E SDS baselines, the
strong duplex baseline Moshi, and RLAIF-trained
variants. Among non-RLAIF systems, Moshi
achieves the highest absolute UTMOS scores,
largely attributable to its use of high-quality as-
sistant voice prompts. In contrast, our models are
conditioned on lower-fidelity Switchboard speaker
prompts, resulting in lower UTMOS scores.

Building on the Multi-turn CoT E2E base-
line, RLAIF (Single-Reward) post-training demon-
strates targeted and effective improvements.
Training with audio-quality preferences substan-
tially improves perceived speech naturalness, in-
creasing UTMOS from 2.16 to 3.06. Sim-
ilarly, RLAIF (Single-Reward) training with
intelligibility-focused preferences yields a marked
reduction in word error rate, improving turn-level
intelligibility from 6.1 to 3.3. Here, WER is com-
puted between the ASR transcript of the synthe-
sized speech, obtained using Whisper, and the
model-predicted text response .S;*° used during
CoT decoding (S. 5.2). These results confirm that
audio-centric DPO signals selectively and reliably
improve their intended dimensions.

When multiple preference datasets are jointly
leveraged using RLAIF (Joint-Reward) training,
the model achieves simultaneous gains in both au-
dio quality and intelligibility. In particular, RLAIF
(Joint-Reward-v1), which combines semantic, au-
dio quality, and intelligibility preferences, attains
a UTMOS of 2.85 while further reducing WER
to 1.0, representing the best intelligibility perfor-
mance among RLAIF-trained models. Incorporat-
ing additional emotion-consistency preferences in
RLAIF (Joint-Reward-v2) preserves audio quality
but results in a slightly higher WER, indicating
a mild trade-off between expressive consistency
and intelligibility. Together, these findings validate

Table 3: Audio quality evaluation. X: WER is not
reported for Direct E2E models since they do not output
explicit intermediate text response.

Model UTMOS (1) WER ()
Direct E2E (Arora et al., 2025d) 2.03 X
Moshi (Défossez et al., 2024) 3.34 X
Multi turn CoT E2E (Arora et al., 2025c¢) 2.16 6.1

+ RLAIF (Single-Reward) 3.06 33

+ RLAIF (Joint-Reward-v1) 2.85 1.0

+ RLAIF (Joint-Reward-v2) 2.85 1.7

Table 4: Speaking style consistency evaluation.

Model Emotion Rank ()
Direct E2E (Arora et al., 2025d) 2.81
Moshi (Défossez et al., 2024) 4.92
Multi turn CoT E2E (Arora et al., 2025¢) 2.29
+ RLAIF (Single-Reward) 1.98
+ RLAIF (Joint-Reward-v2) 3.00

the effectiveness of audio-quality and intelligibility
preference data and highlight the benefit of unified
multi-reward RLAIF for improving speech natural-
ness and intelligibility.

7.3 RLAIF with Emotion Quality Reward

Table 4 reports speaking-style consistency evalu-
ated via emotion rank, where lower values indi-
cate closer alignment with human reference speech.
Among non-RLAIF baselines, the Multi-turn CoT
E2E model performs best (2.29), outperforming
both E2E and Moshi. RLAIF (Single-Reward)
post-training with emotion-consistency preferences
further improves alignment, reducing the emotion
rank to 1.98, demonstrating the effectiveness of
emotion-aware preference learning.

In contrast, RLAIF (Joint-Reward-v2) yields a
higher emotion rank (3.00), indicating competi-
tion between reward signals. In particular, strong
semantic rewards from LLM-based judges can en-
courage safer or more generic responses (T. 8),
which may reduce emotional expressiveness. This
highlights an inherent trade-off in multi-objective
RLAIF settings and motivates future work on better
balancing various rewards in SDS.

7.4 Human Evaluation

To complement automatic metrics and assess per-
ceptual conversational quality, we conducted a con-
trolled human evaluation on 100 randomly selected
dialogue samples, each evaluated by three indepen-
dent annotators. Annotators were presented with
anonymized outputs with system identities with-
held and asked to indicate their preference among
responses generated with RLAIF (Multi-turn CoT
E2E + RLAIF (Joint-Reward-v2)), without RLAIF
(Multi-turn CoT E2E), or select no preference. In

41056



Table 5: Semantic quality evaluation for duplex model.

Model ROUGE-L (1) Perplexity (]) LLM judge (1)
SCoT-Response 19.8 423 5.95
+ RLAIF 23.1 25.0 6.00

Table 6: Human evaluation results comparing RLAIF
and non-RLAIF systems.

Preference Outcome Percentage (%)

Prefer RLAIF 56.7

Prefer No-RLAIF 24.0

No Preference 19.3

Metric No-RLAIF RLAIF (Ours)
Audio Quality (1-5) T 2.89 3.39
Semantic Quality (1-5) 1 2.81 3.22

addition, annotators rated audio quality and seman-
tic quality on a 1-5 Likert scale.

Tab. 6 shows that annotators preferred the
RLAIF outputs in the majority of cases, more than
doubling the preference rate compared to the non-
RLAIF system. The RLAIF system also achieves
consistently higher Likert ratings for both audio
quality and semantic quality. Furthermore, annota-
tors exhibit moderate agreement, with 65.7% con-
sensus across evaluators, indicating that the ob-
served improvements are stable and perceptually
meaningful. Overall, these results confirm that the
gains observed in automatic metrics translate to
improved human-perceived conversational quality.

7.5 RLAIF for Duplex Models

Table 5 reports semantic-quality evaluation for the
duplex SDS. Compared to the SCoT-Response
baseline, RLAIF post-training consistently im-
proves semantic performance, yielding higher
ROUGE-L (19.8 — 23.1), lower perplexity (42.3
— 25.0), and improved LLM-judge scores (5.95
— 6.00). These results indicate that the proposed
RLAIF framework generalizes beyond turn-by-turn
settings and remains effective for blockwise duplex
spoken dialogue models. In addition to improve-
ments in semantic and acoustic metrics, our system
satisfies key practical requirements for real-time
deployment. Specifically, our duplex SDS achieves
real-time performance (RTF < 1), sub-second la-
tency, and improved overlap prediction accuracy
as discussed in S. A.5, demonstrating that the pro-
posed alignment framework not only improves re-
sponse quality but also preserves efficient and nat-
ural duplex interaction behavior.

8 Conclusion

We presented the first multi-reward RLAIF frame-
work for E2E SDS, addressing key limitations of

prior work that focuses on single, utterance-level
semantic rewards. Our approach jointly optimizes
semantic coherence, audio quality, intelligibility,
and emotion consistency on turn-by-turn Chain-of-
Thought SDS. By applying utterance-level prefer-
ences over blockwise decoding, we enable pref-
erence optimization on blockwise duplex models
without requiring partial-utterance reward defini-
tions. Experimental results demonstrate that single-
reward RLAIF selectively improves its targeted
dimension, validating the specificity of our con-
structed preference data, while joint multi-reward
training yields consistent gains across semantic
and acoustic metrics. Finally, we release the first
large-scale multi-reward DPO dataset for spoken
dialogue systems to support reproducible research.
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10 Limitations

While our results demonstrate the effectiveness of
multi-reward RLAIF for spoken dialogue systems,
several limitations remain. First, preference data
construction relies on automatic evaluators, which
may introduce bias or noise relative to human judg-
ments. Incorporating human-in-the-loop prefer-
ences is an important direction for future work.
Second, our multi-reward formulation combines re-
ward signals via dataset-level concatenation rather
than explicitly modeling trade-offs or interactions
between objectives, which may limit optimal bal-
ancing in some conversational contexts. Finally,
our experiments focus on English conversational
datasets; extending the framework to multilingual
settings and more diverse conversational domains
remains an open challenge.
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A Appendix

A.1 Mathematical Formulation of

Chain-of-Thought Turn by turn SDS

More recent E2E approaches replace cascaded
architectures (Glass, 1999; Huang et al., 2024)
with unified speech—language models (SLMs) that
directly generate spoken responses autoregres-
sively (Zhang et al., 2023, 2024b; Nguyen et al.,
2025). Although these models mitigate error prop-
agation, they often lack explicit intermediate rea-
soning structure, which can limit coherence and
increase data requirements (Arora et al., 2025d;
Défossez et al., 2024). To address this, prior
work (Arora et al., 2025d) has explored incorporat-
ing structured intermediate representations, such
as ASR transcripts S3°" and textual responses S}°*,
within an end-to-end framework, yielding Chain-
of-Thought (CoT) SDS models. Using the Viterbi
approximation and C.I. assumption, we can modify
Eq. (1) to get:

P(YSdS’X, Xspk)
~ [T PORSIVER 1 X, ST, ST, X%
k

(13)
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where

S8 — arg max P(S& Y% |, X1,
S;::Sr

res 1, 88 ) (14)

and

St — arg max P(Si|Y3% |, X1,
Sres

Gres 1,88 ) (15)

At each turn, the CoT model follows a structured
decoding process: where it first infers a transcrip-
tion S;*, then a textual response Sres, and finally
synthesizes speech Y,jds conditioned on these inter-
mediate variables.

A.2 Mathematical Formulation of
Chain-of-Thought Duplex SDS

In the time-multiplexing setup (Veluri et al., 2024),
the input speech X is divided into a sequence of B
blocks, X = {X; | b=1,..., B}. Similarly, the
output speech Y% is represented as a sequence of
B blocks, Y% = {Y% | b = 1,..., B}. Rather
than generating responses only at turn boundaries
or frame-by-frame, the model then generates output
block-by-block in a streaming fashion, estimating
the posterior using the causality-based C.I. as:

PYIX, X = [T PO v
b

X1, Xee1 B, X°PF).

Building on earlier turn-by-turn Chain-of-
Thought (CoT) formulations for E2E SDS, recent
work, namely SCoT, has investigated how struc-
tured intermediate reasoning can be integrated into
blockwise duplex systems (Arora et al., 2025¢).
The key idea is to introduce intermediate repre-
sentations, such as ASR transcripts and textual
responses, that are temporally aligned with the
speech signal. Let the corresponding aligned tran-
script and system response for the b™ block (See
S. 3.2) be AP and Aj* respectively. Incorporating
these alignments, the blockwise dialogue policy
(Eq. 16) can be augmented to condition on par-
tial reasoning states (similar to (Egs. (13)-(15)) as
shown :

(16)

P(YS®1X, X% = [ POGE VS, Xua,
b

Aasr  pres spk
1:b> 1:b+17X P )

A7)

The intermediate text response is predicted as:
bi1 = argmax P(AR Y75, X,

Aasr  Ares )

1:b>“4*1:b (18)

and the aligned ASR transcript for each block is:

Aasr asr |y sds
AP = argmax P(A Yy, X1.b,

~ ~
asr res )

1:b—1>“*1:b (19)

At each block, SCoT performs a structured three-
stage decoding process, similar to S. 3.1.

A.3 DPO Data Preparation.

Semantic Reward: For each dialogue turn, the
CoT model produces 10 candidate text responses
using top-k sampling (£ = 10), ensuring sufficient
lexical and semantic diversity. We analyze the em-
pirical distribution of the LLM judge scores across
all candidates using histograms (Figures 2 and 3
in Appendix), which reveal natural separation be-
tween coherent and incoherent responses. Based
on this distribution, we define positive samples as
those with an LLM score greater than 7,5 = 6
and AutoBLEU less than d,y, = 30, indicating se-
mantically meaningful and non-repetitive outputs.
Conversely, negative samples are those with an
LLM score below Ty = 5 or AutoBLEU exceed-
ing dpigh = 30, capturing incoherent, off-topic, or
repetitive candidates.

Acoustic and Emotion Reward: For each can-
didate text response described above, we generate
multiple spoken realizations using top-k sampling
(k = 10), resulting in a set of candidate speech re-
sponses per turn. To construct intelligibility-based
preference pairs, we retain samples satisfying an
upper intelligibility constraint 7we, = 0.25, and se-
lect negative examples whose WER exceeds that
of the positive sample by a margin dyer = 0.05.
In parallel, we construct audio-quality preference
pairs using UTMOS scores. For emotion reward
pairs, we use Emo2Vec (Ma et al., 2024) to extract
emotion representations from both the generated
speech outputs and the corresponding ground-truth
human speech. For preference construction, the
candidate with the maximum emotion similarity
is selected as the positive sample, while the candi-
date with the minimum similarity is selected as the
negative sample, subject to a minimum margin of
Jemo = 2% between the two scores.
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Table 7: Qualitative examples where RLAIF post-training improves response quality. Compared to the baseline,
RLAIF-generated responses better address the user’s question, reduce topic drift, and avoid repetitive or incoherent

continuations.

Dialogue Context

Reference Answer

w/o RLHF

RLHF

Example 1
User: Do you have
class on Friday?

Well, I have an exam eight thirty
to ten thirty. Mike is taking the
whole day off. Mike wanted to
leave at like nine o’clock in the
morning, but...

No, we’re going to have lunch in
the afternoon, but we had to do
something with our hair because
we got a lot of hair.

No, we don’t have class on Fri-
day. We have class on Saturday,
so I'm going to go to the wed-
ding.

Example 2

What do you mean, oh, about

Yeah, I know what you mean.

Yeah, I know, I know. I’'m just

User: We are starting
the transition. I told the
students what the new
plan was...

you are leaving?

trying to figure out what to do.

Example 3 Oh, my gosh! So, who?
User: I have been there

for two weeks already.

Oh, okay. I mean, you start it on
the fourth day if you want.

Oh, well, I'm glad you’re doing
well.

Table 8: Qualitative examples where RLAIF post-training produces overly generic or safe responses that fail to

advance the conversation, despite being coherent.

Dialogue Context Reference Answer

w/o RLHF

RLHF

Example 1 What grade were you teaching?
User: The problem I

had when I went into

Yeah, I think that’s good, too. I Yeah, I think that’s true.
think that that should be, that’s
the ideal teacher...

teaching...
Example 2 Is your sister doing that thing I think I would have to go with Yeah, I know, I know.
User: That is what you know, hosing down the my sister. I don’t go to work

my sister is like. 1 backyard?
want a meatball sand-

wich from Wawa. Let

us walk up. I am like.

with my brother...
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Figure 2: Distribution of LLM judge score over candi-
date responses

A.4 Experiment Setup

Our models are implemented in PyTorch, with
all experiments conducted using the ESPnet
toolkit (Watanabe et al., 2018; Arora et al., 2022,
2025b). We use the pre-trained SpeechLM
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Figure 3: Distribution of AutoBLEU score over candi-
date responses

from (Tian et al., 2025a), which is initialized from
the SmolLLM2 1.7B text LLM. We adopt the delay-
interleaving architecture (Copet et al., 2024) for
multi-stream language modeling.

The SpeechLM is pre-trained for 500k updates
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using a warm-up—decay learning rate schedule,
with each batch containing approximately 3,840
seconds of audio and 1.1M text tokens. Training
is performed on a large multimodal corpus com-
prising 213k hours of speech audio and 292B text
tokens. For audio tokenization, we use ESPnet-
Codec (Shi et al., 2024)* for codec tokenization
and XEUS (Chen et al., 2024b)> for SSL tokeniza-
tion. Specifically, codec and SSL tokens are con-
catenated frame-by-frame.

For decoding, ASR outputs are generated us-
ing greedy search followed by hallucination de-
tection and removal, as in (Arora et al., 2025d).
Text response generation uses greedy search, with
the same post-processing procedure (Arora et al.,
2025d). For speech response generation in our
CoT models, we again use top-k sampling (consis-
tent with the text setting) and apply an additional
intelligibility-based post-processing step follow-
ing (Arora et al., 2025d). Specifically, we generate
ten candidate speech samples and transcribe each
using Whisper (Radford et al., 2023). We compute
the WER of each transcription against the model’s
own predicted text response, S’{fs (Eq. (15)) for
turn-by-turn systems and fl{fj_l (Eq. 18) for duplex
systems, as the reference, and select the candidate
with the lowest WER.

During inference in blockwise duplex systems,
we additionally constrain the ASR transcript and
text response to a maximum of 25 words and limit
the speech output to the block duration (i.e., 2
seconds), following SCoT (Arora et al., 2025c).
To ensure fair comparison between turn-by-turn
and duplex systems, we aggregate speech outputs
across blocks within each turn and compute quality
metrics on the combined output. Finally, for the
baseline Moshi system, we provide each turn-level
utterance as input and append 20 seconds of silence
to ensure response generation is triggered.

All models are trained using 4 NVIDIA H200
GPUs. Further, we split DPO data shown in Ta-
ble 1, into 99:1 ratio for training / validation while
training our preference learning models. Model
hyperparameters are shown in Table 10. All re-
sults are reported from a single training run. We
will publicly release data processing, training and
inference details.

4https://huggingface.co/ftshijt/espnet_codec_
dac_large_v1.4_360epoch

Shttps://huggingface.co/espnet/xeus , a K-means
tokenizer trained on the last-layer representations with 5k
clusters

A.5 Latency and Interaction Behavior of
Duplex Models

Latency and Real-Time Factor We evaluate the
real-time performance of our system using the Real-
Time Factor (RTF), defined as the ratio between
end-to-end processing latency and input speech
duration. An RTF < 1 is required for real-time
deployment.

As shown in Tab. 11, our RLAIF duplex SDS
achieves an RTF of 0.56, which is well below the
real-time threshold and matches the efficiency of
the SCoT-Response backbone. Compared to turn-
based systems, this represents a substantial speedup
over Direct E2E (RTF 0.75) and Multi-turn CoT
E2E (RTF 2.95), confirming that our system sat-
isfies the computational constraints required for
real-time duplex interaction.

We further evaluate an optimized vLLM-based
implementation, achieving a generation speed of
approximately 110 tokens per second. This corre-
sponds to a P50 latency of 540 ms and a P90 latency
of 1320 ms. These results demonstrate sub-second
median latency and are comparable to prior duplex
systems such as Moshi (reported P50 latency of
~890 ms under our evaluation setup).

Duplex Interaction Behavior Following prior
work (Arora et al., 2025¢), we evaluate duplex-
native behavior by measuring the precision and
recall of predicted speech overlaps relative to hu-
man reference overlaps. This metric captures the
model’s ability to engage in simultaneous speaking
and listening, which is not applicable to turn-based
systems.

The SCoT-Response model already improves
overlap prediction compared to prior duplex sys-
tems, and RLAIF further enhances this behavior,
increasing precision to 60.4% and recall to 77.7%.
These results demonstrate that the proposed multi-
reward alignment framework preserves and im-
proves duplex interaction capability, enabling the
system to more accurately predict when to speak
while listening.

A.6 Comparison with Larger-Scale Models

To contextualize the performance of our alignment
framework relative to systems with substantially
greater model capacity, we compare against Qwen-
Omni (Xu et al., 2025), a 7.5B-parameter speech
dialogue model. Since Qwen-Omni operates in
a turn-based setting, we compare it against our
turn-based Multi-turn CoT E2E models to ensure a
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Table 9: Comparison with Qwen-Omni and RLAIF-aligned models across semantic and acoustic metrics.

System Params Perplexity | Qwen2.5 Judge !t Gemini2.5Judget UTMOS?T WER]
Qwen-Omni 7.5B 6.26 5.17 4.15
Multi-turn CoT E2E 1.7B 6.18 4.00 2.16

+ RLAIF (Joint-Reward-v2) 1.7B 6.33 5.09 2.85

Table 10: RLHF Post-training Parameters. Hyperparameters found based on performance on validation set.

Parameter Value
gradient_accumulation_steps 1

epochs 2
gradient_clipping 100.0
bf16 enabled true
optimizer type Adam
optimizer Ir 0.0000006
optimizer betas [0.9, 0.95]
optimizer eps le-8
optimizer weight_decay 3e-7
optimizer adam_w_mode true
scheduler type "WarmupCosineLR"
scheduler warmup_type linear
scheduler total_num_steps 9000
scheduler warmup_num_steps 100
scheduler warmup_min_Ir 0
scheduler warmup_max_Ir 0.00001

Table 11: Real-time factor (RTF) across systems. Lower
is better; RTF < 1 indicates real-time capability.

As shown in Table 9, the 1.7B RLAIF-aligned
model matches or surpasses Qwen-Omni on seman-
tic metrics, achieving lower perplexity, a compa-

Model / System Interaction Type RTF . .

Y P v rable Qwen2.5-Instruct judge score, and a higher
Direct E2E Turn-based 0.75 o :
Multi-turn CoT E2E Turn-based 205 Gemini ?.5 Flash Judg.e score. The RLAIF syst.em
Moshi Duplex 0.18  also achieves substantially lower WER, reflecting
SCoT-Response Duplex 0.56  higher speech realization fidelity. On the other
RLAIF Duplex SDS (Ours) Duplex 0.56

Table 12: Duplex interaction behavior measured via
overlap prediction.

Model / System Precision (%) T Recall (%) 1

Moshi 45.8 40.9
SCoT-Response 59.5 66.8
RLAIF Duplex SDS (Ours) 60.4 71.7

consistent evaluation protocol. Two differences in
experimental conditions should be noted: (i) Qwen-
Omni is trained on significantly larger and more
diverse datasets, and (ii) it uses high-quality studio-
recorded assistant voice prompts, whereas our mod-
els are conditioned on lower-fidelity Switchboard
speaker prompts, which directly influences abso-
lute audio quality scores.

hand, Qwen-Omni attains a considerably higher
UTMOS score (4.15 vs. 2.85), a gap we attribute
primarily to its studio-quality voice prompts rather
than a fundamental difference in generation capa-
bility.

These results suggest that multi-reward RLAIF
can substantially narrow the quality gap introduced
by differences in backbone scale and training data,
and that the framework can be readily applied to
stronger or larger SDS backbones as they become
available.

A.7 Evaluation with Independent LLM
Judges

We further evaluate model outputs using indepen-
dent LLM judges, namely Gemini 2.5 Flash and
Gemini 3 Pro Preview, to assess robustness against
potential judge bias. These models are not used
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Table 13: Evaluation with independent LLM judges.

Judge System Avg. Score T Win Rate 1
Gemini 2.5  Multi-turn CoT E2E 4.00 X
Flash + RLAIF (Joint-Reward-v2) 5.09 60.5
Gemini 3 Multi-turn CoT E2E 3.49 X

Pro Preview + RLAIF (Joint-Reward-v2) 4.43 63.3

Table 14: Multi-reward DPO training pipeline.

Step Description

1. Per-reward construction  Construct independent preference datasets for each reward type
(semantic, audio quality, intelligibility, emotion).

2. Dataset-level mixing Combine all preference datasets into a unified pool and
shuffle across reward types.

3. Minibatch sampling Uniformly sample minibatches from the mixed dataset
without reward-specific scheduling.

4. Joint DPO optimization ~ Apply a single DPO objective over sampled pairs to jointly
optimize all reward dimensions.

during preference data construction or training. As
shown in Table 13, RLAIF yields consistent im-
provements over the base model across both judges.
The gains are statistically significant (p<0.01) un-
der both Wilcoxon signed-rank and paired boot-
strap resampling tests, indicating that the observed
improvements are not specific to the evaluation
model and generalize across different LLM-based
evaluators.

A.8 Multi-Reward DPO Data Construction
and Sampling

We adopt a dataset-level formulation for multi-
reward DPO training as shown in T. 14. Preference
pairs are first constructed independently for each
reward type (Section 5), and then combined into a
unified dataset. During training, preference pairs
from different rewards are shuffled and sampled
uniformly at the minibatch level, and a single DPO
objective is applied without stage-wise scheduling.
This design ensures that all reward dimensions are
optimized jointly while keeping the training proce-
dure simple and stable.
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A.9 LLM Prompt
Prompt Used for LLM-Based Evaluation and DPO Data Construction

Please rate the response from the voice dialogue system based on the human reference response
and input user utterance and following criteria (1-10 points), and provide a brief evaluation:
1. Relevance: Is the response relevant to the query? Is the content related?

2. Accuracy: Does the response correctly address the user's query and provide accurate information?
3. Completeness: Does the response comprehensively cover all aspects of the query?

4. Conversational Nature: Is the response easy to understand, concise, clear, and fluent?
Qutput in JSON format:

{

"Strengths”: "Positive aspects of the response”,

"Weaknesses": "Negative aspects of the response”,

"Overall Evaluation”: "Overall assessment of the response”,

"Total Score (out of 10, directly provide the score)”: ""

3

<Dialogue Context>

Reference: <Reference Response>

Agent: <SDS Response>
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