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Abstract

Speech-to-Speech (S2S) Large Language Models (LLMs)
are foundational to natural human-computer interaction, en-
abling end-to-end spoken dialogue systems. However, evalu-
ating these models remains a fundamental challenge. We pro-
pose SageLM, an end-to-end, multi-aspect, and explainable
speech LLM for comprehensive S2S LLMs evaluation. First,
unlike cascaded approaches that disregard acoustic features,
SagelM jointly assesses both semantic and acoustic dimen-
sions. Second, it leverages rationale-based supervision to en-
hance explainability and guide model learning, achieving su-
perior alignment with evaluation outcomes compared to rule-
based reinforcement learning methods. Third, we introduce
SpeechFeedback, a synthetic preference dataset, and employ a
two-stage training paradigm to mitigate the scarcity of speech
preference data. Trained on both semantic and acoustic di-
mensions, SageL.M achieves an 82.79% agreement rate with
human evaluators, outperforming cascaded and SLM-based
baselines by at least 7.42% and 26.20%, respectively.

Project page: https://github.com/IronBeliever/SageLM
More details: https://arxiv.org/pdf/2508.20916

Introduction

The advent of large language models (LLMs) has revolution-
ized human-computer interaction, yet the ultimate goal re-
mains a seamless, natural dialogue that mirrors human con-
versation (Clark 1996; Luger and Sellen 2016). The next
frontier in this pursuit is speech-to-speech (S2S) interaction,
where the nuances of communication extend far beyond
mere semantic content (Levitan et al. 2015; Porcheron et al.
2018). In human dialogue, how something is said is often
as important as what is said (Pierrehumbert and Hirschberg
1990; Hirschberg 2002). For instance, the query, “You know
what? I won a million dollar lottery today!” demands more
than a semantically correct response; it calls for an expres-
sion of incredulous surprise or shared joy. This inextricable
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Figure 1: Recent speech-to-speech LLMs evaluation meth-
ods rely on human annotations or cascaded pipelines. We
propose SagelLM, an end-to-end speech dialogue evaluator
that provides explainable judgment results across five as-
pects, including both semantic and acoustic dimensions.

coupling of semantics and acoustics makes evaluating S2S
dialogue systems a profound and unsolved challenge.
Current evaluation paradigms are fundamentally inade-
quate for this task. The predominant approach, a cascaded
pipeline that first transcribes speech with an Automatic
Speech Recognition (ASR) model and then uses a text-based
LLM for judgment, is critically flawed (Nachmani et al.
2024; Défossez et al. 2024; Zhang et al. 2024; Chen et al.
2024a). Not only is it susceptible to cascading ASR errors,
but it is entirely blind to the acoustic dimension, failing to
assess the appropriateness of tone, emotion, or prosody. The
alternative, human evaluation, serves as a gold standard but
is prohibitively expensive and slow, rendering it impractical
for the rapid, large-scale iteration required to develop ad-
vanced S2S models (Veluri et al. 2024; Ding et al. 2025).
This leaves a critical gap in the field: the absence of a scal-



able, automated evaluator that can holistically judge both the
content and character of spoken dialogue.

To fill this void, we introduce SageLM, a multi-aspect and
explainable judge language model designed specifically for
the nuanced demands of S2S dialogue evaluation. Building
on the “LLM-as-a-judge” paradigm (Zheng et al. 2024; Li
et al. 2024; Gu et al. 2024), SageLM operates end-to-end,
directly processing speech to render a holistic judgment,
thereby bypassing the fragile ASR pipeline. Building such
a sophisticated judge, however, presents two foundational
obstacles: a data bottleneck and a methodological dilemma.

First, the lack of a large-scale, annotated speech prefer-
ence dataset has been a primary barrier to progress. To over-
come this, we construct SpeechFeedback, a comprehensive
and diverse preference dataset of 324,774 instances. Each
instance contains a speech query, a pair of contrasting re-
sponses, and detailed preference annotations covering both
semantic relevance and acoustic quality, providing the nec-
essary foundation for training a nuanced speech judge.

Second, even with the right data, the training methodol-
ogy is paramount. Recent trends have explored rule-based
Reinforcement Learning (RL) for tasks where solutions are
easily verified (Guo et al. 2025; Swamy et al. 2025; Li et al.
2025a). However, we find this approach fundamentally mis-
aligned with our goal. A simple, rule-based reward signal is
insufficient for the complex reasoning required in dialogue
evaluation, making the model prone to reward hacking and,
crucially, failing to enforce consistency between its judg-
ments and the explanatory rationales. We demonstrate that
a supervised fine-tuning approach on LLM-annotated ratio-
nales is superior enough. This method compels the model
not only to predict a judgment but to reason its way to that
conclusion, fostering a deeper and more robust understand-
ing that aligns the “what” with the “why.” Experimental
results demonstrate the success of this approach. SageLM
achieves an 82.79% agreement rate with human judgments,
significantly outperforming strong cascaded baselines like
Whisper + GPT-40 by 7.42% and other end-to-end speech
models by a remarkable 26.20%. Our contributions are:

* We construct SpeechFeedback, the first large-scale,
multi-aspect speech preference dataset to facilitate re-
search in S28S evaluation.

We demonstrate that for complex judgment tasks, fine-
tuning on explicit rationales is a more effective method
than rule-based RL, leading to better performance and
reasoning consistency.

We introduce SageLM, an end-to-end, explainable judge
for S2S dialogue that significantly surpasses existing cas-
caded and integrated evaluation models, establishing a
new state-of-the-art.

We validate SagelLM’s effectiveness in rigorous experi-
ments, showing high agreement with human evaluators
and superior performance against formidable baselines.

Related Work
Speech Large Language Models

Speech Large Language Models (SLMs) are typically cat-
egorized into speech-to-speech (S2S) and speech-to-text
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(S2T) LLMs. Since GPT-4o, end-to-end S2S LLMs have
gained increased attention (Défossez et al. 2024; Zhang
et al. 2024; Chen et al. 2024a; Ding et al. 2025; Goel et al.
2025). Despite rapid advancements in S2S LLMs, accurately
evaluating their dialogue ability remains a significant chal-
lenge. S2T LLMs combine the language modeling capabili-
ties of text-based LLMs with speech understanding capabil-
ities of audio encoders (Chu et al. 2024; Zhang et al. 2025)
or codecs (Zhang et al. 2023, 2024; Zhan et al. 2024; Li
et al. 2025b). This integration enables S2T LLMs to perform
speech dialogue understaning tasks.

Text Large Language Models Evaluation

The evaluation of text-based LLMs in conversational set-
tings primarily assesses their instruction following capabil-
ities, employing either human or model-based evaluation
paradigms. The most straightforward approach involves hu-
man annotators assigning point-wise or pair-wise subjec-
tive labels. However, human evaluation is costly and time-
consuming. To address this, the LLMs-as-a-judge paradigm
leverages powerful models such as GPT-4 to evaluate can-
didate responses (Zhou et al. 2023; Rafailov et al. 2023;
Dubois et al. 2023; Lee et al. 2023). Despite its effi-
ciency, this approach introduces concerns such as model
bias (Zheng et al. 2024; Wang et al. 2024a), privacy risks,
and computational cost. Consequently, recent open-source
efforts have focused on instruction-tuning pretrained LLMs
to enhance their evaluation capabilities (Wang et al. 2024b;
Li et al. 2023), aiming to mitigate bias, reduce costs, and
preserve user privacy. Other works explore lightweight eval-
uation methods, utilizing smaller models to assess response
quality more efficiently (Ge et al. 2024; Sinha et al. 2020;
Phy, Zhao, and Aizawa 2020).

S2S Large Language Models Evaluation

Evaluating S2S LLMs remains an open challenge. The
modalities supported by S2S LLMs are determined by their
architectural design. Typically, S2S models, such as Kimi-
Audio (Ding et al. 2025), support both text and speech as
inputs and outputs. Evaluation in this comprehensive setting
encompasses fundamental speech capabilities, audio under-
standing, and speech conversation. The evaluation of fun-
damental speech capabilities includes ASR and TTS tasks,
commonly measured using established metrics like Word Er-
ror Rate (WER) and Mean Opinion Score (MOS). Audio
understanding tasks focus on the model’s ability to com-
prehend and reason about both semantic and acoustic infor-
mation within audio, utilizing benchmarks such as MMAU
(Sakshi et al. 2024), ClothoAQA (Lipping et al. 2022), and
AIR-Bench (Yang et al. 2024). However, speech conversa-
tion evaluation emphasizes the model’s dialog capabilities,
including audio-to-text chat and speech-to-speech chat. This
demanding task requires not only an understanding of au-
dio semantics and paralinguistic cues, but also competen-
cies in language modeling, reasoning, and speaking style
control. Notably, evaluating speech-to-speech conversation
remains an open challenge. As shown in Fig. 1, human eval-
uation, while considered the gold standard, is costly and
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Figure 2: Data construction pipeline of SpeechFeedback.

time-consuming, making it impractical to scale comprehen-
sive benchmarking. Furthermore, human evaluation typi-
cally overlooks explainability due to the additional cost and
time required. ASR-based evaluation, which transcribes the
model’s speech responses into text followed by conventional
text-based LLM conversation evaluation, introduces com-
pounding errors because even state-of-the-art ASR mod-
els exhibit non-negligible WERs. Moreover, such cascaded
methods disregard paralinguistic features and fail to evaluate
the model’s ability to adhere to style-related instructions.

Speech Dialogue Judgment

This section defines the speech dialogue judgment task and
introduces the SpeechFeedback dataset.

Task Definition

The speech dialogue judgment task aims to compare a pair
of speech responses based on criteria including truthfulness,
honesty, helpfulness, instruction following, and speech in-
struction following, guided by a textual instruction. For-
mally, given a judge model J, the pairwise evaluation pro-
cess can be formulated as:

ER = J(Q, R1, R») (M

where () is the textual query or instruction, R; represents
the i:, speech response, and ER is the evaluation result.
The evaluation result includes five independent compari-
son labels C,; and textual explanations F,,;, where aspect
a; € {truthfulness, honesty, helpfulness, instruction follow-
ing, speech instruction following} and C,,; € {win, lose, tie}
represent R is better, Ry is better, or both responses are of
comparable quality respectively.

In our task definition, we utilize textual queries as input
instead of spoken audio. This design choice is paramount
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for ensuring a fair and standardized evaluation across di-
verse S2S LLMs. Our rationale is twofold. Firstly, existing
speech dialogue datasets typically incorporate both textual
and spoken queries, thereby facilitating the direct use of text
queries without incurring additional overhead. Second, S2S
LLMs are trained on synthetic speech generated by hetero-
geneous TTS models (e.g., SLAM-Omni uses CosyVoicel,
while Kimi-Audio uses Kimi-TTS). To mitigate potential
distributional discrepancies between training and test audio,
we adopt text-based instructions to ensure a fair evaluation
across different S2S models.

Data Construction and Pre-processing

SpeechFeedback dataset comprises two components: seman-
tic evaluation and acoustic instruction following evaluation.

Semantic Evaluation Data Construction The semantic
dimension speech preference data are synthesized from Ul-
traFeedback (Cui et al. 2023) using 7 TTS models. Ultra-
Feedback is a large-scale, fine-grained, and diverse pref-
erence dataset comprising 64k instructions, each with four
LLM-generated responses rated by GPT-4 across four di-
mensions: instruction-following, truthfulness, honesty, and
helpfulness, accompanied by scores and rationales. We uti-
lize these textual preference annotations and synthesize cor-
responding speech responses.

To prepare the corpus for voice-centric interaction and
evaluation, we implement a multi-stage filtering pipeline.
First, mathematical expressions, code segments, and mul-
tilingual prompts are removed, and special characters are
sanitized to preserve natural prosody in downstream synthe-
sis. As shown in Fig. 2a, the filtered responses are synthe-
sized by six open-source TTS models and one commercial
TTS model—CosyVoice (Du et al. 2024a), Cosy Voice2 (Du



et al. 2024b), SparkTTS (Wang et al. 2025b), ChatTTS!, F5-
TTS (Chen et al. 2024b), Index-TTS (Deng et al. 2025), and
gpt-40-mini-tts?. Utterances exhibiting a high Whisper ASR
word-error rate or a duration shorter than 0.2 s are discarded.
Absolute quality scores are subsequently converted to pair-
wise win—loss labels, and their rationales are rewritten in
comparative form via Qwen2.5-32B-Instruct. The combined
text—speech sequence is capped at 4,096 tokens. Further pre-
processing details appear in the supplementary material.

Acoustic Evaluation Data Construction Dialogue al-
lows users to explicitly or implicitly control the vocal char-
acteristics of an SLM’s response. For instance, a user might
explicitly request a faster speaking rate, a response in a dif-
ferent language, or a specific emotional tone. In implicit sce-
narios, users expect SLMs to exhibit empathy, highlighting
the importance of acoustic evaluation in spoken dialogue.

This paper focuses on three primary categories of speak-
ing style control: emotion, gender, and voice, as illustrated
in Fig. 2b. Furthermore, as shown in Fig. 2c, we struc-
ture acoustic evaluation around three task formats: explicit
TTS, explicit dialogue, and implicit dialogue. Each data in-
stance comprises an instruction, two speech responses, and
an acoustic evaluation label with its accompanying rationale.
i. Explicit TTS Task

e Instruction: The Explicit TTS task utilizes the Ultrafeed-
back dataset, from which we sample 1,000 instructions
for each speaking style category. For each instruction, the
text response to be synthesized is randomly selected from
four candidate responses. This text is then combined with
a prompt template, which is randomly chosen from a set
of 20 templates per category generated by GPT-4o.

Speech Responses: We first define incorrect label set for
each control category. For emotion control, labels are cat-
egorized as positive (happy, surprised) or negative (sad,
fearful, angry). The incorrect label set for a target emo-
tion comprises emotions from the opposing category and
a neutral emotion. For gender control, the incorrect label
set consists solely of the other gender label. For cartoon
voice control, the incorrect label set includes a neutral
voice and all cartoon voices except the target voice. Each
sample includes two synthesized speech responses: one
with the correct label and one with an incorrect label ran-
domly sampled from the incorrect label set, with sam-
pling probabilities of 8:1:1 for correct-correct, correct-
incorrect, and incorrect-incorrect pairs, respectively.

* Acoustic Evaluation Label and Rationale: The evalua-
tion label is assigned as win, lose, or tie based on the
ground truth. The instruction, the two text responses,
and the ground truth label are then provided as input to
Qwen2.5-32B to generate a corresponding rationale.

ii. Explicit Dialogue Task

We also sample 1,000 instructions for each speaking style
category from the Ultrafeedback dataset. The instruction is
formed by combining a user query with a randomly sam-
pled speaking style template. Then, two text responses are

"https://github.com/2noise/ChatTTS
*https://platform.openai.com/docs/models/gpt-40-mini-tts
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randomly selected. The remaining procedure for selecting
control labels, synthesizing audio, and constructing the eval-
uation output is identical to Explicit TTS task. Additionally,
180 mixed samples are created to jointly control emotion and
gender, e.g., Respond to <query> in a happy female voice.
iii. Implicit Dialogue Task

For the implicit dialogue task, both the instructions and
the text responses are generated by GPT-40. We employ
self-instruct (Wang et al. 2023) to curate and translate im-
plicit emotion data from Kimi-GenTest (Ding et al. 2025),
and use them as seed prompts to generate 500 evalua-
tion samples. The subsequent steps—control label selection,
speech synthesis, and label construction—follow the same
pipeline as Explicit TTS task. However, the rationales are
uniquely structured: we prompt GPT-40 to explain the im-
plied emotional intent of the query and provide a template-
based description of the emotion of each candidate response.

In summary, the overall acoustic evaluation data con-
struction framework incorporates both semantic and acous-
tic preference annotation.

Preliminary

Training Objective

We explore two prominent fine-tuning approaches: Instruc-
tion Tuning (IT) and Reinforcement Learning (RL). IT is
a primary method for model fine-tuning, widely employed
to learn specific output formats and align with human pref-
erences. On-policy RL methods have recently been shown
to be particularly effective for preference learning from a
limited number of samples. Moreover, RL tends to perform
well where verification is simple, yet generation is com-
plex (Li et al. 2025a; Swamy et al. 2025). Evaluation task,
which requires assigning a single discrete label (win, lose, or
tie), presents a significant generation-verification gap. This
makes it an ideal setting to investigate the effectiveness of
RL in the speech modality. The specific training objectives
for each method are detailed below.

Instruction Tuning: During the supervised fine-tuning
(SFT) stage, the model is trained to minimize the discrep-
ancy between generated responses and reference responses.
Specifically, the training objective is to maximize the log-
likelihood of the reference output sequence:
T
L"SFT = 7E(z,y)~'D Zlog P@(yt | y<ta'r)
t=1
We explore two SFT settings based on the composition of
the reference response y. In the SFT (label-only) setting y
consists solely of the correct judgment label, while in the
SFT (with-rationale) setting y comprises both the label and
a corresponding rationale previously generated by GPT-4.

2

Reinforcement Learning: We leverage the Group Rel-
ative Policy Optimization (GRPO) algorithm (Shao et al.
2024), which maximizes a reward-weighted objective using
a clipped policy ratio and a KL-divergence penalty to a ref-
erence policy. We define a rule-based reward function as a
supervision signal:

ri=a-R4(5,s)+v- Ry 3)
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Figure 3: Preliminary: Reinforcement Learning versus Su-
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training data scaling up (4k~24k x 4 aspects).

where R, is the accuracy reward that measures the discrep-
ancy between the predicted score § and the ground truth
score s (1 < §,8 < 5), as defined in Eq. (4). The format
reward Ry € {0, 1} evaluates whether the model correctly
formats its output using the <think></think> and
<answer></answer> tags. Specifically, the weighted
averaging parameters are set to « = 1.0 and v = 0.5. The
advantage estimation and training objective follow the stan-
dard GRPO formulation.

RL or SFT? Empirical Analysis on Judgment Task

(8 =)
202

Rq(8,5) = exp < 0))

DeepSeek R1 demonstrates that the reasoning capabilities
of LLMs can be effectively enhanced via pure GRPO (Guo
et al. 2025). Recent studies further suggest that RL per-
forms well in tasks where verification is easy but genera-
tion is challenging, such as open-domain QA (Swamy et al.
2025) and audio multi-choice QA (Li et al. 2025a). The task
of evaluating speech responses exemplifies this generation-
verification gap: verifying a judgment (win/lose/tie) is
straightforward, whereas generating a high-quality judg-
ment is non-trivial. This motivates our investigation into the
comparative performance of GRPO and full-parameter SFT
on speech response judgment task. In our preliminary exper-
iments, both RL and SFT were trained for one epoch, with
all other settings consistent with main experiments.

As shown in Fig. 3(a), GRPO outperforms SFT (label-
only) in scoring accuracy. WaveReward (Ji et al. 2025) also
find this conclusion, showing that RL-based post-training
surpasses LoRA-finetuned Qwen2.5-Omni. However, scor-
ing accuracy is too strict to evaluation task, as even humans
struggle to assign precise scores. In contrast, pair-wised
comparison both better reflects human preferences and is
easier to annotate. Fig. 3(b) and (c) indicate that GRPO and
SFT perform comparably on compare accuracy, with SFT
slightly outperforming GRPO on compare agreement.

We hypothesize that this difference stems from their
learning objectives. GRPO’s format reward encourages
a reasoning process, whereas SFT (label-only) optimizes
solely for the final label. To bridge this gap, we introduce an
SFT-with-rationale setting, augmenting labels with explana-
tions generated by GPT-4. As shown in Figure 3 (SFT-with-
rationale), the inclusion of rationales improves the model’s
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understanding of evaluation results. Additionally, SFT with
rationale outperform all other methods.

Furthermore, we observe that GRPO’s lacks of supervi-
sion over the reasoning process leads to inconsistency be-
tween rationale and final result. In a manual analysis of 100
sampled cases, the explanation contradicted the final score
in 39% of instances. This issue severely limits the reliability
and explainability of the model as a speech judge.

SageLLM: Two-stage Training

To address the scarcity of acoustic preference data, we in-
troduce a two-stage training strategy for SageLM. Drawing
inspiration from curriculum learning (Bengio et al. 2009;
Wang et al. 2025a), this approach progressively builds the
model’s evaluative capabilities.

Semantic Preference Learning. The first stage utilizes the
abundant semantic preference annotations in the Speech-
Feedback dataset. This stage trains SageLM to evaluate
responses along four core dimensions—truthfulness, hon-
esty, helpfulness, and instruction following. Concurrently,
the model learns to generate structured comparison outputs
that include detailed explanatory rationales.

Acoustic Preference Learning. Building upon the se-
mantic foundation, the second stage incorporates a limited
amount of acoustic preference data. This introduces a fifth
evaluation dimension: speech instruction following. This di-
mension assesses whether the synthesized speech adheres to
acoustic attributes. These attributes, such as emotion, gen-
der, or a specific voice style, may be explicitly requested or
implicitly implied by the user’s query.

Based on preliminary experiments, both training stages
adopt a rationale-augmented SFT method to supervise both
the judgment labels and their corresponding explanations.

Experiments
Experimental Setups

Dataset We employ the SpeechFeedback dataset, a syn-
thetic dialogue evaluation corpus detailed previously. The
training set consists of 316,544 semantic and 4,270 acoustic
feedback instances. The test set contains 728 semantic and
410 acoustic evaluation instances, all manually verified to
ensure label order aligns with human preferences.

Training and Generations Details SagelLM is trained us-
ing 8 NVIDIA A100-SXM4-80GB GPUs. For instruction
tuning, we adopt full-parameter supervised fine-tuning with
the following hyperparameters: 3 epochs, cutoff length of
4096, batch size of 16, learning rate of le-5, cosine learning
rate scheduler with a warmup ratio of 0.1, and bf16 preci-
sion. Reinforcement learning is implemented using GRPO,
which incurs higher training costs. Accordingly, we set: 1
epoch, group size of 8, cutoff length of 8192, batch size of
32 (4 instructions x 8 samples), learning rate of le-5, co-
sine scheduler with a 0.05 warmup ratio, and bf16 precision.
Sampling during RL training uses: temperature = 1.0, top-p
=0.99, top-k = 50, and max completion length = 2048. Dur-
ing inference, all models use identical decoding parameters:
temperature = 0.95, top-p = 0.7, top-k = 50, and repetition



Model | Accuracy | Agreement
| Hel. Hon. IF. Tru. | Hel. Hon. IF. Tru.
L. Baseline of cascaded ASR and text language models
Whisper + GPT-40 62.09 55.86 6575 61.54 | 7527 7427 77.02 7491
Whisper + Qwen2.5-32B 5348 40.66 59.89 40.29 | 6740 6520 70.70 58.79
Whisper + PandalLM-7B 54.03 3443 5385 41.03 | 67.58 58.61 64.01 59.16
Whisper + Qwen2.5-omni-7B 3590 25.82 3828 31.14 | 48.35 4872 47.80 49.36
Whisper + Qwen2.5-omni-3B 25.09 14.65 29.86 18.87 | 34.25 31.87 39.56 31.69
II. Baseline of Speech-to-text large language models direct inference with prompt
Qwen2-Audio-Base 7.15 495 7.51 7.32 952 943 8.89  10.53
Qwen2-Audio-Instruct 23.81 1538 2473 18.13 | 3498 3343 33.15 32.88
Qwen2.5-omni-3B 3773 30.04 41.02 37.18 | 5348 54.67 54.12 55.86
Qwen2.5-omni-7B 4176  29.49 44.69 3883 | 56.50 55.31 56.50 58.06
I11. Different finetuning versions of SageLM
Qwen2-Audio-Instruct-7B-SFT 70.33 6850 65.57 65.02 | 8297 81.32 77.56 78.66
Qwen2.5-omni-3B-SFT 7033 73.08 6740 68.68 | 82.60 8526 78.57 81.05
Qwen2.5-omni-7B-SFT (SageLM) | 72.35 6740 7235 73.26 | 83.61 81.78 81.68 84.07

Table 1: Semantic evaluation of SageLM and competing baselines on a human-annotated test set. We report accuracy and
agreement (%) across four dimensions: Helpfulness (Hel.), Honesty (Hon.), Instruction Following (IF.), and Truthfulness (Tru.).

penalty = 1.0. We report results averaged across three runs
with seeds {42, 123, 1234} for reproducibility.

Evaluation Metrics We report Accuracy and Agreement
as primary metrics for both semantic and acoustic di-
mension evaluation. Accuracy follows Eq. (1), measuring
whether the model’s predicted comparison label matches
the ground truth (win/lose/tie). Following PandaLM (Wang
et al. 2024b), Agreement assigns 1 for complete alignment
with human judgment, O for complete disagreement, and 0.5
otherwise. Results are averaged over three inference runs.

Experimental Results

Cascaded Baselines Following prior work, we first tran-
scribe speech using whisper-large-v3-turbo (Rad-
ford et al. 2022), then evaluate the transcribed text using
several advanced text-based models: gpt-4o, the evaluation-
specialized PandaLM-7B, and the Qwen family including
Qwen2.5-32B and Qwen-omni-3B/7B. As shown in Ta-
ble 1 and 2, experimental results demonstrate that cascade
pipelines serve as strong baselines for semantic-level eval-
uation. Specifically, Whisper + gpt-4o pipeline achieves an
average accuracy of 61.31% and an average agreement rate
of 75.37% across four evaluation aspects. However, this ap-
proach lacks the capacity to evaluate acoustic dimensions,
limiting its applicability. In contrast, Whisper + Qwen2.5-
Omni-3B/7B performs poorly due to lower parameter size
and limited instruction-following capabilities.

S2T LLM baselines Inspired by evaluation practices in
multi-modality LLMs, a common baseline for assessing
generative models is to leverage unimodal understanding
models, e.g. vision-LLMs for evaluating text-to-image gen-
eration. In the speech domain, S2T LLMs possess compre-
hensive speech understanding capabilities, making them nat-
ural candidates for evaluating spoken dialogue. Thus, we
examine the evaluation capability of S2T LLMs, including
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Figure 4: Analysis of the impact of stagel semantic evalua-
tion training and stage2 acoustic evaluation training.

Qwen-Audio-7B-base&instruct and Qwen2.5-omni-3B/7B,
using prompt engineering to elicit dialogue-level judgments.
Qwen2-Audio-Base, lacking instruction tuning, fails to fol-
low task instructions in 82% of cases, often repeating
prompts or outputting [112ITie]. Although Qwen2.5-Omni
outperforms Qwen2-Audio-Instruct-7B in evaluation tasks,
it still falls short compared to the Whisper + gpt-4o cascade
pipeline. In summary, current S2T models exhibit limited ca-
pability in both semantic and acoustic judgment, with an av-
erage accuracy of only around 40% in acoustic evaluation.

Different Finetuning Versions The performance of the
base model significantly influences the performance af-
ter post-trained. We compare the outcomes of two-stage
training based on three models: Qwen2-Audio-Instruct-
7B, Qwen2.5-omni-3B, and Qwen2.5-omni-7B. Experimen-
tal results demonstrate that the two-stage post-training en-



Model \ Accuracy | Agreement

| Emo. Gen. Voi. Imp. Mixed | Emo. Gen. Voi. Imp. Mixed

L. Baseline of Speech-to-text large language models direct inference with prompt
Qwen2-Audio-Base 8.05 9.28  7.07 8.11 6.59 996 11.86 926 12.16 11.32
Qwen2-Audio-Instruct 40.61 4193 3097 40.54 29.22 | 4828 49.14 4326 5541 5247
Qwen2.5-omni-3B 4445 4124 4074 37.84 24.69 | 53.64 49.14 5387 5270 48.97
Qwen2.5-omni-7B 39.46 40.89 4343 35.14 2840 | 51.53 49.31 56.57 49.55 51.64

I1. Different finetuning versions of SageLM

Qwen2-Audio-Instruct-7B-SFT 82.76 9450 89.23 80.18 72.01 9138 97.25 94.61 90.09 85.39
Qwen2.5-omni-3B-SFT 91.18 9622 9495 9459 90.12 | 9559 98.11 9747 9747 94.44
Qwen2.5-omni-7B-SFT (SageLM) | 95.78 98.63 99.33 9730 82.72 | 97.89 99.31 99.66 98.65 91.36

Table 2: Acoustic evaluation results against baselines on a human-annotated test set. We report accuracy and agreement (%)
across five dimensions: emotion (Emo.), gender (Gen.), voice (Voi.), implicit emotion (Imp.), and Mixed aspects (Mixed.)
which jointly evaluate emotion and gender. Results for ASR baselines are not applicable as they ignore acoustic features.
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Figure 5: Agreement vs. Combined responses pairs length.

hances the speech dialogue evaluation ability across all mod-
els, with Qwen2.5-omni-7B achieving the best overall per-
formance. Ultimately, SageLM outperform both cascaded
and SLM-based baselines by at least 7.42% and 26.20%
respectively, reaching 82.79% agreement with human judg-
ments. Additional human evaluation confirms that the ratio-
nales generated by SageLM offer improved explainability
and align with final results at 90.89% by human evaluation.

Analysis

Two-stage Training Two-stage post-training enhances the
evaluation capability of S2T LLMs on speech responses.
Fig. 4 shows that stagel, whether using GRPO or SFT, im-
proves semantic evaluation but degrades acoustic evaluation.
In contrast, stage2 incorporates both semantic and acoustic
aspect preference data, thereby preserving semantic perfor-
mance while significantly enhancing acoustic evaluation.

Model Performance of Difference Response Length As
shown in Figure 5, our analysis of the test set indicates that
SageLM’s agreement with human annotations slightly de-
creases as the combined length of the evaluated response
pair increases. To corroborate this finding, we conducted a
supplementary analysis on a larger dataset, sampling 100 ex-
amples from distinct intervals of combined response length.
Experiment results show a similar slight decline in agree-
ment between model’s evaluations and GPT-40 annotations,
though the agreement rate remained high at about 80%.

Out-of-Distribution Generalization on Real S2S LLMs
Outputs To assess the generalization of SageLM to un-
seen dataset and real S2S LLMs output distribution, we
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Model Agreement Accuracy
Whisper + GPT-40 69.30% 53.80%
SageLM 87.97% 81.01%

Table 3: Model evaluation agreement with human annota-
tion on unseen AlpacaEval text-dataset.

evaluate it on AlpacaEval followed by VoiceBench (Chen
et al. 2024c¢), comparing Kimi-Audio with Qwen2.5-omni.
As shown in Table 3, SageLM surpasses the Whisper +
GPT-4o0 pipeline by 18.67% in agreement and 27.21% in ac-
curacy, validating its capability to evaluate within the true
generative distribution of S2S LLMs.

We further analyzed the gap between SageLM and cas-
caded baseline. Whisper introduced substantial transcription
errors for Kimi-Audio responses due to speaking rate and
prosody, which consequently biased GPT-40 toward favor-
ing Qwen2.5-Omni. In contrast, SageLM and human were
able to capture the semantic content of the responses and
make correct judgments. This finding highlights the issue of
error propagation in cascaded systems and underscores the
necessity of an end-to-end model for speech judgement.

Conclusions

We investigate evaluation methods for spoken dialogue
models and propose SageLM, motivated by two main chal-
lenges: (1) human-annotated evaluation is costly and diffi-
cult to scale, and (2) cascaded ASR-to-text-LLM pipelines
suffer from error propagation and loss of acoustic informa-
tion. To address these issues, we construct SpeechFeedback,
a dataset comprising both semantic and acoustic evaluations
of speech responses. Preliminary experiments demonstrate
that supervised fine-tuning of speech-to-text LLMs using in-
terpretable feedback outperforms both label-only SFT and
GRPO, even under a significant generation-verification gap
in the evaluation task. We adopt a two-stage SFT strategy to
separately enhance semantic and acoustic evaluative capa-
bilities. Results show that SageLM achieves 82.79% agree-
ment with human judgments, surpassing cascaded and SLM-
based baselines by at least 7.42% and 26.20%, respectively.
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