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Abstract

Generative spoken language models pretrained
on large-scale raw audio can continue a speech
prompt with coherent content while preserving
attributes such as speaker identity and emotion,
making them promising foundation models for
spoken dialogue. In prior literature, these mod-
els are often evaluated using “global token per-
plexity,” which directly transfers the text per-
plexity formulation to speech tokens. However,
this practice overlooks fundamental differences
between speech and text, potentially underesti-
mating important speech characteristics. In this
work, we propose a set of likelihood-based and
generative-based evaluation methods as alterna-
tives to naive global token perplexity. We show
that these evaluations more faithfully reflect
perceived generation quality, as evidenced by
stronger correlations with human-rated mean
opinion scores (MOS). Under these new met-
rics, the relative performance landscape of spo-
ken language models shifts substantially, re-
vealing a much smaller gap between the best-
performing model and the human topline. To-
gether, these results suggest that appropriate
evaluation is critical for accurately assessing
progress in spoken language modeling.!

1 Introduction

Recent years have witnessed the emergence of
assistant-style spoken dialogue systems that inter-
act with users through speech (Open-Al; Chu et al.,
2024; Défossez et al., 2024). Analogous to text lan-
guage models, generative speech modeling is com-
monly formulated as a sequence-to-sequence task
(Sugiura et al., 2025; Chang et al., 2024). In this
paradigm, speech waveforms are first discretized
into sequences of tokens (Défossez et al., 2024;
An et al., 2024); model predictions are then per-
formed in the token space (Sugiura et al., 2025;
Tseng et al., 2025); finally, the resulting audio is

'Code and data open-sourced at https://github.com/
Lab-MSP/SpeechPerplexity
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Figure 1: Acoustic discontinuity disturbs negative
log-likelihood loss (NLL) responses locally. Top:
SALMon samples consist of a shared prompt and a
separate continuation, where positive samples main-
tain acoustic consistency, and negative samples contain
abrupt acoustic transitions. Bottom: NLL response of
Llama-Mimi-1.3B with standard error margins. Re-
sponse on negative samples show localized spike within
a short temporal window after the transition in contrast
to the positive sample. Global token perplexity aggre-
gates likelihood contributions outside this localized re-
gion (Sec. 2.2), making it susceptible to long-range loss
volatility, thereby motivating our localized and normal-
ized evaluation methods (Sec. 3.1, 3.2)

reconstructed from the predicted tokens (Du et al.,
2024; Ju et al., 2024). We refer to this model-
ing framework as a spoken language model (SLM),
following the terminology of Arora et al. (2025).
Similar to the development of text-based large lan-
guage models (LLMs), SLMs are typically trained
in two stages: large-scale pretraining on unlabeled
speech data, followed by supervised fine-tuning on
task- or instruction-specific datasets.

During the pre-training stage, the model ac-
quires foundational knowledge from raw data,
which is directly reflected in its generation capabil-
ities. Consequently, the quality of the pre-trained
model lays the foundation for downstream perfor-
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Figure 2: NLL loss response of various models on SALMon samples with standard error margins. High-scoring
models on SALMon (e.g., Flow-SLM) exhibit localized NLL spikes for negative samples within a short temporal
window after the transition. This behavior is less apparent in lower-performing models such as GSLM.

mance (Raffel et al., 2020; Hassid et al., 2024).
However, evaluating the generation quality of pre-
trained models remains challenging, as assessing
whether a generated output is plausible or coherent
is inherently subjective.

In text modeling, a common practice is to adopt
perplexity, a likelihood-based metric that scores
model predictions on textual token sequences.
Likewise, pre-trained SLMs are often evaluated
by computing perplexity over an entire sequence
of discrete speech tokens. We refer to this met-
ric as “‘global token perplexity,” which quanti-
fies the sequence-level likelihood of a speech sig-
nal in the discrete token space. In text modeling
benchmarks, perplexity is typically interpreted in
a comparative setting (Brown et al., 2020), where
each benchmark entry contrasts positive samples
(i.e., fluent, coherent text) with negative samples
(i.e., syntactically or semantically corrupted text).
The model’s ability to assign higher likelihood to
positive samples suggests a systematic preference
for well-formed outputs during generation. The
principles in text modeling have been carried over
to the benchmarking of pretrained SLMs, where
sWUGGY (Dunbar et al., 2021), sBLIMP (Dunbar
etal., 2021), and SALMon (Maimon et al., 2025)
likewise adopt a comparative evaluation design.
Each benchmark’s contrastive pairs highlight vari-
ous aspects of speech, from context to acoustics.

While effective, directly computing global
token-level perplexity may overlook characteris-
tics unique to speech, risking misalignment with
human perception. From a cognitive perspective,
textual and acoustic generation processes demand
different attentional spans. The Dependency Lo-
cality Theory (Gibson, 1998, 2000) and Surprisal
Theory (Levy, 2008; Smith and Levy, 2013) sug-
gest that generating and evaluating coherent text
relies on tracking dependencies over long contexts,
thus requiring long-range attentiveness. In contrast,

non-semantic acoustic features evolve continuously
over time and are regularized by the Gradualness of
Change (Bregman, 1993), which favors short-span
conditioning. Likelihood patterns in Figure 1 and
2 echo these theoretical insights. The perplexity
difference between positive and negative samples,
when present, is short-spanned and concentrated
near the onset of divergence.

In this work, we introduce novel evaluation pro-
tocols of SLMs that address fundamental asym-
metries between speech and text modeling and
place greater emphasis on local context sensitivity.
Specifically, we propose two families of evaluation
methods and re-evaluate SLMs on SALMon. The
first family, likelihood-based methods, reformu-
lates perplexity through localization and normal-
ization, preserving the likelihood-based evaluation
paradigm while emphasizing local context sensitiv-
ity (Sec. 3.1, Sec. 5.1). The second family consists
of generation-based methods, where we evaluate
on actual generations produced by the SLM, since
successful generation inherently demands sensitiv-
ity to local context (Sec. 3.2, Sec. 5.2). New scores
from these evaluation protocols yield substantially
different conclusions from those based on naive
global token perplexity.

To assess perception-faithfulness of the proposed
methods, we conduct human-subject rating experi-
ments on SLM-generated samples and collect mean
opinion scores (MOS), which serve as the gold-
standard reference for SLM performance. Corre-
lation analyses (Sec. 5.3) show that our proposed
methods align more closely with human ratings
(Pearson correlation: 0.62 — 0.73, Spearman cor-
relation: 0.65 — 0.74), thereby establishing a new
paradigm for evaluating spoken language models.
Our evaluation reshapes the performance landscape
of SLMs: when re-evaluated, the best-performing
model closes 84.1% of the gap to the human topline
on SALMon, surprisingly achieving a new SOTA.
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2 Background

2.1 Evaluation of Pretrained Spoken
Language Models

For pretrained SLMs, likelihood-based evalua-
tion provides a principled way to probe speech
consistency across multiple dimensions. Prior
work has largely emphasized the content aspect,
where s WUGGY and sBLIMP (Dunbar et al.,
2021) assess semantic coherence and lexical well-
formedness. With automatic speech recognition
(ASR), text-level perplexity can also be computed
(Lakhotia et al., 2021; Hassid et al., 2024; Wu et al.,
2023). More recently, paralinguistic modeling ca-
pabilities of pretrained SLMs are receiving growing
attention, and SALMon (Maimon et al., 2025) is
established to measure the consistency of acoustic
attributes. These include speaker identity, senti-
ment, background, and room conditions. In this
paper, we focus on improving the evaluation of pre-
trained SLMs specifically on acoustic attributes.

2.2 Global Token Perplexity in Likelihood
Modeling

Likelihood modeling offers a principled approach
to evaluate sequence models. In conventional prac-
tice, likelihood modeling is assessed via perplexity,
where higher perplexity indicates lower likelihood
under the model. Given a sequence s, perplexity
is defined as the exponential of the negative log-
likelihood loss (NLL): PPL(s) = exp(NLL(s)).
With this transformation, we will henceforth report
perplexity in terms of NLL. In the context of SLMs,
perplexity is computed over sequences of discrete
speech tokens (Maimon et al., 2025; Sugiura et al.,
2025; Chou et al., 2025). We refer to this formula-
tion as global token perplexity. Formally, given a
sequence s = (x1,...,27), the NLLgjoha formula
yields

NLLgloba1<3) = %23:1 —logp(xe | x<) (1)

Modern discrete speech units often consist of
multiple codebooks, as in hierarchical residual vec-
tor quantization (RVQ) architectures (Zeghidour
et al., 2021; Wang et al., 2023a; Défossez et al.,
2022, 2024) or are multi-channeled, as in joint
speech-text modeling (Tseng et al., 2025). In such
settings, we flatten the multi-channel likelihood
outputs into a single serialized stream. This for-
mulation treats all tokens across channels and time
steps as equally informative, yielding a unified,

holistic likelihood estimate for the entire speech
signal.

With this definition, adopting perplexity to
benchmarking is straightforward. In SALMon,
each sample consists of a pair of sequences (s, sp,),
corresponding to the positive (preferred) sequence
and the negative (dispreferred) sequence. A
perception-faithful model is expected to assign
lower perplexity to s, than to s,. This compar-
ison is equivalent in the NLL space as NLL is a
strictly monotonic transformation of perplexity:

NLL(s,) < NLL(s,) 2)

2.3 Likelihood Modeling Calibration

A fundamental principle of likelihood modeling is
that a model’s predicted probabilities should align
with the frequencies of occurrence of the global dis-
tribution (Kadavath et al., 2022; Ulmer et al., 2022).
When raw prediction scores deviate, calibration
methods can be introduced to increase alignment.
Certain calibration approaches, such as Platt scal-
ing (Platt, 1999; Guo et al., 2017), are monotonic
and rank preserving. In contrast, other methods
aim to alter the model’s selection, including option
debiasing (Brown et al., 2020), option finetuning
(Guo et al., 2017), and decoding-time interventions
(Chuang et al., 2024). In this work, we extend cali-
bration efforts to SLMs by proposing localization
and normalization methods that better align with
the characteristics of speech.

3 Proposed Method

Using global token perplexity to assess acoustic
consistency can lead to a measurement fallacy,
where the resulting scores do not correlate well
with human assessments. Empirically, prior works
have shown that perplexity in speech is often dispro-
portionately influenced by semantic factors (Mai-
mon and Adi, 2023; Sicherman and Adi, 2023;
Polyak et al., 2021), limiting the expressiveness
of acoustic features. These semantic contributions
constitute a substantial part of global token per-
plexity, introducing noise into the measurement
and causing instability during sample-wise com-
parisons. SALMon reduced semantic volatility by
“enforcing the same speech context between com-
parisons,” but strict attribute-wise independence is
neither well defined nor practically attainable in
speech. We therefore derive alternative perplex-
ity variants that focus on modeling the target at-
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tribute—the axis along which the positive and neg-
ative speech samples are contrasted.

3.1 Proposed Likelihood-Based Evaluation

We start from Equation 1 and derive windowed,
localized and normalized variants of token perplex-
ity that focus on better capturing the response of
the SLM on acoustic discontinuity. The windowed
perplexity variant replaces global aggregation over
the full NLL array with a predefined short temporal
window that slides over the speech sequence, pro-
ducing a sequence of windowed perplexity values.
Then, we take the maximum among these values
to obtain the perplexity spike as a measure of local
anomaly, allowing comparisons across samples to
determine which sample exhibits a stronger local
irregularity.

i+6—1
NLLuyindowed(s) = InzaX 5 Z (7 log p(x+ | $<t))

t=i
3)
where 1 < ¢ < T — § + 1 indexes all valid start-
ing positions of a length-J window in the token
sequence. Since it is the temporal window that is
fixed across all models, the corresponding token-
based value of § is derived accordingly and there-
fore differs across models; in some cases, it may
even vary dynamically within a model.
In SALMon, each positive—negative pair shares
a common prefix, which allows us to capitalize
on the diverging timeframe as additional informa-
tion. For each pair (s, s, ), we extract the longest
common prefix as the prompt (S), and the remain-
der of the sequence forms the positive (P) and
negative (V) responses, respectively, analogous
to QA-style setups in NLP benchmarks (Brown
etal., 2020; Hendrycks et al.). Concretely, we write
sp =S ~ Pands, =5 —~ N, where —~ denotes
sequence concatenation. The localized variant of
token perplexity only accounts for information in
a localized window of length § starting from the
timeframe where the speech prompt ends (%,):

1 tp+0—1
NLLiocalized(s) = 5 > ¢4,

(—10gp(xt | $<t))
4
We also consider normalization, which adjusts
each response probability by factoring out its
prompt-free probability (Brown et al., 2020). Nor-
malization applies to both global and localized
perplexity by choosing the corresponding window

A € {T,d}, where T represents a value sufficiently

large that it is ultimately bounded by the sequence
length. The normalized perplexity aggregates nor-
malized probabilities at each time step.

1 tp-l-A—l(_l

NLLnormalized (S) =R 2ut=t, _plalee) )

p(@t|wey:<t)

®)

3.2 Proposed Generation-Based Evaluation

The evaluation methods in Sections 2.2 and 3.1
compute the likelihood of the samples rather than
letting the SLM continue the speech. Here, we di-
rectly evaluate on continuations of SLMs given a
speech prompt .S, which provide multiple benefits.
With real continuations, it is possible to conduct
human evaluations to obtain mean opinion scores
(MOS), which provide a perception-faithful esti-
mate of model quality and can serve as the refer-
ence for the model’s true continuation performance.
Second, by approximating human judgements with
scores from model-as-a-judge, we obtain another
evaluator candidate to compete with global token
perplexity.

Given a speech prompt S, we define a continua-
tion GG sampled from model M by

G=M(]9). (6)

For human evaluations, annotators assign a qual-
ity score between 1 and 5 based on how good the
generated continuation is relative to the positive
continuation reference (P).

For scoring continuations with model-as-a-judge,
success can be determined more straightforwardly
using a contrastive criterion: a continuation is
deemed correct if it is closer to the gold positive
continuation than to the negative one.

d(G, P) < d(G, N) )

where d(-) denotes a distance function. The follow-
ing section describes the procedure for selecting
a qualified model to serve as an automatic judge,
as well as the corresponding evaluation strategy to
assess SLM-generated continuations (Sec. 3.3).

3.3 Model-as-a-Judge for Scoring SLM
Continuations

To select an appropriate judge J, we require (i)
a labeled set with known correctness and (ii) a
model that assigns a distance score to a prompt—
response pair. Fortunately, the shared prompt S
and paired responses (P, V) in each contrastive
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example (s, s, ) provides a natural labeled set with
the following objective:

d(S,P) < d(S,N). ®)

We explore using embedding models E as judge
candidates, leveraging their inherent distance met-
ric, taking inspiration from retrieval systems (Feng
et al., 2022):

d(A,B) =1—cos(E(A),E(B)) (9
where cos(+, -) denotes cosine similarity and F(-)
denotes the forward pass through the embedding
model. Plugging Equation 9 into Equation 7 yields
the explicit sample-wise objective for choosing £
as a qualified judge.

cos(E(S), E(P)) > cos(E(S), E(N)) (10)

The aggregation of correct predictions over the
development set yields the accuracy. An ideal
judge would achieve a perfect score; in practice, a
more realistic qualification threshold is the human
accuracy on the same benchmark. We begin with a
comprehensive set of pretrained embedding models
and narrow it to the best-performing model (over
the qualification threshold), which we adopt as the
final judge (J). The judge benchmarks continua-
tions G from SLM following Equation 7:

cos(J(G), J(P)) > cos(J(G), J(N)), (11)
where aggregation over the whole benchmark
yields the accuracy score of the evaluated SLM.

4 Experimental Setup

We adopt SALMon for all evaluations. SALMon in-
cludes 6 subsets that measure acoustic consistency
in gender, speaker identity, sentiment, two back-
ground conditions, and room attributes. Each data
point consists of a positive and a negative sample,
where the negative sample contains an inconsis-
tency in one of the attributes. Our evaluations of
SLMs cover GSLM (Lakhotia et al., 2021), TWIST
(Hassid et al., 2024), pGSLM (Kharitonov et al.,
2021), Spirit-LM (Nguyen et al., 2024), TASTE
(Tseng et al., 2025), Flow-SLM (Chou et al., 2025),
and Llama-Mimi (Sugiura et al., 2025). We mea-
sure their performance under original and proposed
methods. The localized window ¢ is set as 0.5s.
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Figure 3: Overall performance of spoken language
models on consistency tasks. The x-axis reports model
accuracy under different evaluators: (al) alternative
likelihood estimators, (b) MOS, and (c) embedding-as-
a-judge, where model color codes are shown in (al)
and shared among all plots. In (al), we correlate scores
from proposed methods against those from global token
perplexity (Global-PPL); the horizontal spread high-
lights the discrepancy across evaluation methods. The
alternative methods rate strong models more favorably
than Global-PPL, substantially closing the gap to the
human topline. In (a2), we correlate deviations from
the proposed methods against Global-PPL scores. De-
viations generally become larger at higher Global-PPL
performance (blue), until it saturates due to the maxi-
mum performance ceiling (orange). Negative deviations
exhibit a similar trend in absolute magnitude, though
this is less surprising since they are soft-bounded by
distance to random baseline (green).
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Table 1: Generation performance of SLMs judged by human ratings (MOS scores) with the model’s associated rank.

MOS Scores Evaluation
‘ Sentiment T Speaker 1 Gender T  Bg(domain) T Bg (rand.) Room 1 ‘ Avg T Rank
GSLM 1.88+1.06 1.94+1.13 276+161 1.38+£085 1.36+0.86 1.82+£1.00 | 1.86=£0.45 7
TWIST-1.3B 1.91+1.08 2.04+1.18 2.73£1.55 1.62+1.07 1.59£0.99 2.29+1.21 | 2.03+0.49 5
pGSLM 1.86£1.05 1.76+1.05 238+1.28 1.34+0.78 1.28+£0.71 1.65+0.97 | 1.71+0.40 8
Spirit-LM-Expr. 341+£149 198+1.14 263+1.49 1.274+0.73 1.194+0.51 1.58+0.98 | 2.01 £0.46 6
TASTE-emb. 3.68+140 437+1.02 4.63+093 164+1.16 1.60+1.04 229+1.27 | 3.03+£0.47 4
Flow-SLM-1B 3.86+1.27 421+1.13 447+096 1.89+1.08 186+1.12 3.25+1.34 | 3.26+£0.47 3
Flow-SLM-1B-Ext. | 3.80 £ 1.31 4.20+1.10 4.52+0.94 1.98+1.13 2.00+1.23 3.08+1.41 | 3.26£0.49 2
Llama-Mimi-1.3B | 3.78 £1.31 4.144+1.16 4.32+1.10 220+£1.30 221+1.29 3.11+£141 | 3.29+£0.52 1

Table 2: The best-performing embedding model E on each task provides a viable judge .J for evaluating continuation
performance. In addition to surpassing the human baseline, four of the six models achieve near perfect performance.

‘ ‘ Sentiment T Speaker T Gender 1 Bg (domain) 1 Bg (rand.) T Room T ‘
Selected embedding model | TITANET  TITANET TITANET HuBERT-large-audioset HuBERT-large-audioset wav2vec2-large-audioset
Classifier performance 99.5 100.0 100.0 86.5 97.5 100.0
Human performance 97.2 91.5 98.6 83.1 88.7 94.4

We use the Prolific service to obtain MOS scores.
We evaluate 50 samples over 8 models, which
yields 400 generations to be evaluated. Each gen-
eration is independently assessed by five annota-
tors on a five-point Likert scale. The annotators
are proficient English speakers, and they are fairly
compensated for their time. See Appendix B.1 for
the annotation guidelines provided to annotators.

For model-as-a-judge, we consider a diverse
pool of embedding models trained with differ-
ent objectives and datasets, including TITANET
(Koluguri et al., 2022), CAM++ (Wang et al.,
2023b), CLAP (Elizalde et al., 2023), and
AudioSet-trained models (La Quatra et al., 2024).
We use SALMon prompts S as the dev set to select
the best judge for each subset, and use the judge
to obtain SLM performance scores from continua-
tions G.

S Experimental Results

5.1 Localized and Normalized
Likelihood-Based Evaluation

We first examine how the proposed likelihood-
based estimators reshape the performance land-
scape of spoken language models. Figure 3 (al)
shows the average accuracy over all consistency
benchmarks for each SLM—-method combination,
plotted against the corresponding accuracy mea-
sured by conventional global token perplexity.
From the plot, it can be seen that the horizontal
spread is quite large, indicating systematic dis-
agreement between perplexity methods. The de-
gree of disagreement is quantified in Figure 3 (a2),

which reveals a positive association between dis-
agreement and model competence (measured by
Global-PPL performance). The linearly regressed
positive deviation (blue line) starts at +6.63% at
around 50% accuracy, and increases to +8.62% at
80% accuracy, which is substantial.

A closer inspection shows that the shift is pre-
dominantly one-sided for each SLM configuration,
reflecting a stable bias toward either over- or un-
derestimation. These patterns are tightly linked to
the underlying token type. Our proposed methods
consistently assign lower scores to HuBERT-based
SLMs (GSLM, TWIST, SpiritLM), while in con-
trast yielding higher scores for Mimi-based models
(Flow-SLM, Llama-Mimi). pGSLM is the lone out-
lier among HuBERT-based models, likely due to
its distinctive auxiliary training objective. In con-
trast, model families trained with the same recipe
but varying only in scale exhibit little behavioral
difference. We report the full set of scores in Ap-
pendix C.1.

5.2 Generation-Based Evaluation

We conduct experiments on actual model continua-
tions to gain a better understanding of the genera-
tive abilities of SLMs.

5.2.1 MOS Evaluations by Human Labelers

MOS evaluation results are presented in Figure 3
(b). Llama-Mimi obtains the top score of 3.29, fol-
lowed by Flow-SLM, while models using HuBERT
tokens (GSLM, TWIST, Spirit-LM, pGSLM) per-
form much worse. Full model-by-task results are
reported in Table 1, which presents the quantitative
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Figure 4: Correlation between perplexity evaluation methods vs golden labels provided by either MOS scores (top),
or model-as-a-judge proxies (bottom) on the SALMon benchmark. Compared with using global perplexity as
the aggregator (leftmost), windowing, normalization, and localization are more effective alternative operators and
show stronger correlation with MOS scores. Using model-as-a-judge on generations (top right) also exhibits higher

correlation with the MOS scores.

MOS scores across models and tasks. The results
suggest that stronger models improve primarily on
speech-centric attributes (e.g., sentiment, speaker
identity, and gender), while substantial room for im-
provement remains in modeling ambience-related
information.

5.2.2 Model-as-a-Judge for Measuring
Generation Consistency

Identification of suitable judge models. Table 2
shows the top performing embedding model on the
SALMon dev set along with its accuracy scores, fol-
lowing Equation 10. Results reveal that the selected
embedding models consistently outperform human
performance, and even reach ceiling-level perfor-
mance (> 99%) in four out of six cases. Collec-
tively, these results support the credibility of model-
as-a-judge for the SALMon task using a combi-
nation of TITANET, HuBERT-large-audioset, and
wav2vec2-large-audioset. Detailed model-by-task
results are provided in Appendix C.2.
Generation consistency evaluated by quali-
fied judge models. Figure 3 (c) shows the result of
evaluating model generations on SALMon using

the selected judge models. Consistent with find-
ings in likelihood estimators and MOS scores, the
speech tokenizer is the most dominant factor for
the performance difference. Most HuBERT-based
models struggle to retain speech properties during
continuation, obtaining performance close to ran-
dom choice. On the other end of the spectrum,
Flow-SLM and Llama-mimi exhibit strong perfor-
mance, with scores in the vicinity of the human
topline. Finally, TASTE generations perform rela-
tively well, highlighting the importance of adopting
a speaker vector during token-to-speech conversion.
In Appendix C.2, we present verbose task-wise re-
sults, which further suggest that continuation fail-
ures principally arise from inadequate information
being preserved during the speech encoding phase.

5.3 Correlation between methods

We now have four likelihood-based evaluators and
a generation-based evaluator scored with an em-
bedding judge model. To determine the metrics
that are more faithful to human perception for this
task, we correlate them to the “true continuation
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Table 3: Kendall 7 correlation between evaluator scores and human MOS scores across the 6 acoustic-consistency

splits on SALMon, based on the rankings of the 7 models present in the top row of Figure 4.

Method Sentiment Speaker Gender Bg(domain) Bg (rand.) Room \ Avg
Global-PPL 0.524 0.333 0.143 0.619 0.333 0.714 | 0.444
+ Normalization 0.524 0.451 0.048 0.524 0.619 0.714 | 0.480
Windowed-PPL 0.524 0.429 0.238 0.619 0.586 0.619 | 0.502
Localized-PPL 0.488 0.048 0.195 0.714 0.619 0.333 | 0.400
+ Normalization 0.429 -0.048 -0.098 0.238 0.619 0.524 | 0.277
Model-as-a-judge 0.683 0.878 0.524 0.878 0.651 0.429 | 0.674

performance,” provided by the MOS scores. The
top row of Figure 4 is a comprehensive display
of these correlations. Global token perplexity sets
the baseline with Pearson score of 0.62 and Spear-
man of 0.65. Localized perplexity achieves higher
scores of Pearson of 0.72 and Spearman of 0.70,
which are further surpassed by normalized perplex-
ity, where both Pearson and Spearman correlations
improve to 0.73 and 0.74 respectively. Continua-
tions scored by embedding judges obtain the high-
est Pearson score overall at 0.81, with a slightly
lower Spearman score of 0.70. The high Pearson
correlation is best accounted for by the tighter dis-
persion of points in the high-performance regime.
In addition, the regression slopes for normalized
and localized perplexity are substantially closer to
12, indicating that they not only improve relative
scoring, but also produce more accurate absolute
scores by better matching the target scale. These
results indicate that, on acoustic consistency bench-
marks such as SALMon, evaluating SLMs with our
proposed methods yields judgments that are better
aligned with human perception than those obtained
using global token perplexity. In the bottom row
of Figure 4, we replicate the analysis using the em-
bedding model-as-a-judge scores as a proxy for the
MOS scores given its high correlation, to conduct
correlations with likelihood-methods on all models.
The results reinforce the conclusion that windowed,
normalized, and localized methods correlate better
to true generation performance.

Next, we examine how well evaluator rankings
correlate with MOS scores for each individual split.
In Table 3, we report the Kendall 7 scores on
the ranking of the 7 models that are universally
present in the top row of Figure 4. The results
show that normalized and windowed perplexity,
as well as model-as-a-judge scores, yield substan-

’The optimal slope is obtained by linearly anchoring the
random-performance baseline, with accuracy = 50, to MOS =
1, and the perfect-performance ceiling, with accuracy = 100,
to MOS =5.

tially stronger rank agreement with MOS across
acoustic-consistency tasks, leading to higher aver-
age Kendall’s 7 overall. In particular, the overall
Kendall’s 7 increases from 0.444 to 0.480 with
normalized global perplexity, to 0.502 with win-
dowed perplexity, and to 0.674 with model-as-a-
judge evaluation.

Collectively, these results establish a principled
and scalable evaluation framework for continuation
quality. Among likelihood-based methods, normal-
ized perplexity is preferred over global token per-
plexity because it shows stronger correlation with
MOS and better preserves model rankings. With
normalized perplexity as the evaluation metric, the
performance landscape of SLMs is completely re-
shaped. Most notably, the best-performing model
Llama-Mimi improves from 80.92 to 90.42, clos-
ing 84.1% of the gap to the human topline on
SALMon and achieving a new state of the art.
While generation-based model-as-a-judge evalu-
ation is not universally superior to normalized per-
plexity in terms of correlation with the MOS scores,
it remains valuable for assessing SLMs in cases
where token generation does not fully capture au-
dio generation quality, as in TASTE. Despite these
advancements, human inspection of the generated
samples reveals that these SLMs still have substan-
tial room for improvement in handling complex
speech signals, underscoring the need for more
rigorous benchmarks.

5.4 A Tale of Two Models: How Loss
Composition Shapes Performance

Building on our earlier discussion that acoustic
quality can be decomposed into interpretable axes
(e.g., speaker- and background-related attributes),
we expect the model’s NLL loss to be governed by
an analogous set of separable components. Break-
ing the loss down by axis would quantify each at-
tribute’s contribution and its effect on performance.
Nonetheless, an explicit axis-wise decomposition
of the loss remains difficult in practice, because

37007



Table 4: Shapley value decompositions for Spirit-LM-
Expressive and Llama-Mimi over token types (HuBERT
Dy, pitch @p, style Pg) and layer groups (Py—P3).
The Shapley values of the primary tokens for the two
models (P 5 and Py) shift in opposite directions under
localization and normalization.

Model Window Term Original Norm.
ou +9.6 +7.6

Global op +9.5 +13.1

Spirit-LM Expr. s 03 -0
. ¢H +9.6 +5.3

(Lffgzgg op 494  +13.0
s -1.2 2.3

bo +4.4 +5.2

01 +6.2 +9.0

Global +122 4158

Llama-Mimi s 8.1 +10.5
®o +7.6 +7.8

Localized ¢; +8.9 +7.6

(t =0.55) ¢ +145  +16.4

b3 +11.1  +10.1

the relevant factors are entangled within a single
embedding or even within individual tokens. For-
tunately, we can consider Spirit-LM-Expressive
and Llama-Mimi as analytical lenses for this study,
since their token inventories are inherently func-
tionally distinct. Spirit-LM-Expressive comprises
three token types during sequence construction:
HuBERT, pitch, and style; whereas Llama-Mimi
employs tokens from different RVQ layers, which
similarly exhibit functional heterogeneity. Their
original works (Sugiura et al., 2025; Nguyen et al.,
2024) already categorized these token types as re-
flecting different balances of semantic versus acous-
tic utility. Using these models as representative
cases, we contrast their token-type contribution
profiles to account for the opposite effects of our
alternative methods in Llama-Mimi and Spirit-LM-
Expressive. We perform a comprehensive combina-
torial ablation across token types, enabling Shapley
value analysis (Shapley et al., 1953) to quantify
each token type’s marginal contribution.

Table 4 exhibits the Shapley contributions of
each token type. For Llama-Mimi, tokens from dif-
ferent residual layers all contribute positively, with
the largest contribution coming from residual layer
1 (¢1). Contributions of individual layers are fur-
ther amplified in normalized and localized settings.
On average, normalized settings improved +2.4
points, and localized settings improved +2.8 points
spread evenly across token types. This improve-
ment clearly carries over to the final accuracy score,

where the normalized method achieves a gain of
+9.42 points and the localized method achieves a
gain of +11.08 points.

The case of Spirit-LM-Expressive is markedly
different from Llama-Mimi. In Table 4, HuBERT
tokens contribute to acoustic tasks more than the
other tokens combined, despite being labeled as
a "semantic" token type. Even with localization,
the HuBERT Shapley value remains unchanged,
suggesting that a non-trivial portion of the acoustic
inconsistencies captured by the SLM is distributed
throughout the full sequence. Furthermore, normal-
ization leads to an additional decrease in the Hu-
BERT tokens’ Shapley values, indicating a strong
entanglement between semantic and acoustic infor-
mation in Spirit-LM-Expressive’s HuBERT tokens.
As a result, reducing semantic influence also di-
minishes acoustic information. As reflected in the
accuracy scores, these alternative methods do not
improve performance on the SALMon benchmark.
The increase in Shapley values for pitch tokens is
offset by the decrease in Shapley values for Hu-
BERT tokens, which remain equally crucial for
capturing acoustic information.

As we uncover the role of HuBERT tokens in
Spirit-LM-Expressive, it becomes clearer why mod-
els that adopt HuBERT tokens (GSLM, TWIST,
pGSLM, Spirit-LM) fail to translate high classifica-
tion scores into strong continuation performance as
measured by MOS. Strong global-perplexity per-
formance in HuBERT-based modeling appears to
depend substantially on long-range dependencies
to judge correctness, whereas continuation quality
must be established locally and cannot rely on fu-
ture context. Our proposed evaluation penalizes
this behavior, resulting in better agreement with
MOS-based continuation outcomes.

6 Conclusion

In this work, we revisit the use of global token
perplexity for evaluating SLMs and highlight nor-
malization, localization, and generation-based eval-
uation techniques as alternative methods that bet-
ter capture key characteristics of speech. Correla-
tions with MOS indicate that our proposed meth-
ods better reflect human perception. Under this re-
evaluation, the previously best-performing model
closes 84.1% of the gap to the human topline on
SALMon. Together, these findings reshape the
SLM performance landscape and establish a new
evaluation paradigm for future studies.
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Limitations

We propose novel evaluation methods as alter-
natives to conventional global token perplexity.
However, since these methods are still applied
to existing benchmarks, their scope remains in-
herently constrained by the limitations of those
benchmarks. For instance, SALMon does not
systematically probe compounded variations (e.g.,
speaker changes under noisy background condi-
tions), which restricts our ability to characterize
SLM performance in such settings—even when
using our improved evaluators. In addition, we fo-
cused our discussion on acoustic continuity, which
constitutes a substantial and distinctive aspect of
speech. For other dimensions, such as semantics,
global perplexity may still be, and very likely re-
mains, the most appropriate approach. Nonetheless,
the broader notion of “speech perplexity” warrants
careful scrutiny, as different aspects of speech are
inherently entangled.
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A Further Evaluations of Spoken
Language Models

While universal task robustness serves as the
prevailing objective, evaluation paradigms often
progress in a way that mirrors the model’s training
stages. In the main text, we have shown that for
pretrained SLMs, likelihood-based evaluation is
prominent. For finetuned models, task-based evalu-
ation metrics pinpoint utility, such as speech recog-
nition (Panayotov et al., 2015), emotion recognition
(Busso et al., 2008), keyword spotting (Warden,
2018), and speaker identification (Nagrani et al.,
2017). Aggregated suites such as the SUPERB se-
ries (Yang et al., 2021; Tseng et al., 2024; Tsai et al.,
2022; Huang et al., 2024, 2025) broaden coverage,
though their constituent tasks remain predefined.
Prompt-following benchmarks built around arbi-
trary natural-language instructions highlight gen-
eral intelligence of finetuned SLMs (Yang et al.,
2024; Gao et al., 2025; Hou et al., 2025; Chen et al.,
2024).

B Verbose Evaluation Settings

B.1 MOS Evaluation Prompt

The annotators are given the following prompt:

You will hear a generated continuation that ex-
tends from an audio prompt. Compare the two
audio clips only on the specific target **fea-
ture** that varies between samples, focus only
on the similarity of that feature, and assign a
similarity score from 1 to 5.

A score of 5 indicates per-
fect match on the feature (gen-
der/speaker/sentiment/background, etc.).

The two audios are indistinguishable on that
feature. Naturally, two identical audios will
score 5 on any given feature.

A score of 1 indicates com-
plete mismatch on the feature (gen-
der/speaker/sentiment/background, etc.).

The two audios are easily distinguishable on
that feature. Naturally, if the target feature is
missing entirely, the score is unequivocally 1.

Target feature is considered missing when:

The audio is completely silent. The attribute
is gender / speaker / sentiment but there is
no speech (sound made by humans). The at-
tribute is background but there is only human
speech and no other acoustic source. Use the
guideline below for sample comparisons and
guidance for scores 2—4.

Scoring guidelines:

5 — Indistinguishable from the prompt on
the target attribute.

4 — Only distinguishable with close atten-
tion to small sections; casual listening still
feels nearly identical.

3 — Distinguishable, but most attribute traits
still feel similar.

2 — Clearly distinguishable with only minor
attribute overlap.

1 — Totally distinguishable; no attribute sim-
ilarity at all.

(Examples for each score)

C Verbose Evaluation Results

C.1 Likelihood-Based Evaluations

Table 5 shows full evaluation results on SALMon
across spoken language models. Generally, alter-
native likelihood-based evaluation methods assign
lower scores to HuBERT-based models (GSLM,
TWIST, SpiritLM) and higher scores to Mimi-
based models (Flow-SLM, Llama-Mimi). For the
top-performing models, our proposed evaluation
methods occasionally deliver results that place
model performance above the human topline. No-
tably, these cases are concentrated around speaker
information.

For semantic-acoustic alignment tasks, there is
not a common speech prompt, hence only Global-
PPL and Windowed-PPL evaluation are supported.
Results show consistent low accuracies (< 60%),
regardless of the model used or the methods se-
lected. This agreement confirms that alignment is
likely a trait that is not picked up by current SLMs,
motivating future work on this direction.
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Table 5: Comparison of spoken language model performance on the SALMon benchmark, including GSLM
(Kharitonov et al., 2022), TWIST (Hassid et al., 2024), pGSLM (Kharitonov et al., 2021), Spirit-LM (Nguyen et al.,
2024), TASTE (Tseng et al., 2025), Flow-SLM (Chou et al., 2025), and Llama-mimi (Sugiura et al., 2025). For each
model, we report task accuracies measured with global token perplexity and our proposed likelihood evaluators.
Comparing accuracies within each model shows that the perceived performance difference between methods is
quite huge. As a result, these evaluation protocols yield substantially different conclusions on the SLM performance
landscape. Bold number highlight evaluation results that surpass the human topline performance by (Maimon et al.,
2025).

Acoustic Consistency Semantic-Acoustic Alignment
Model ‘ Config ‘ Method Sentiment T Speaker T Gender T Bg(domain) T Bg(rand.) T Room 1 | Sentiment?  Background 1
Global-PPL 52.5 50.5 53.0 475 50.5 48.0 55.0 52.5
= + Normalization (prop.) 48.5 52.0 52.0 45.0 52.0 50.0 - -
= - ‘Windowed-PPL (prop.) 53.2 50.5 49.8 52.8 52.0 47.8 56.0 43.0
&} Localized-PPL (prop.) 52.0 49.0 48.5 47.5 46.5 42.5 - -
+ Normalization (prop.) 55.5 47.0 49.0 46.5 45.5 51.0 - -
Global-PPL 59.0 69.5 68.0 54.0 61.5 59.0 51.0 56.5
+ Normalization (prop.) 58.0 74.5 71.5 56.0 62.0 70.5 - -
350M | Windowed-PPL (prop.) 59.8 57.0 55.8 52.2 64.0 65.5 51.5 58.0
Localized-PPL (prop.) 53.0 60.5 63.5 532 535 57.2 - -
+ Normalization (prop.) 555 63.0 60.5 56.5 61.5 66.0 - -
Global-PPL 61.0 69.0 69.5 54.5 60.5 59.5 52.5 57.0
E + Normalization (prop.) 54.0 72.5 73.0 57.5 63.5 69.5 - -
= 1.3B ‘Windowed-PPL (prop.) 58.2 55.2 55.0 55.2 61.8 66.0 54.0 55.0
= Localized-PPL (prop.) 50.0 61.5 68.0 54.8 53.0 54.2 - -
+ Normalization (prop.) 525 65.5 62.0 60.5 62.5 62.0 - -
Global-PPL 61.5 70.5 70.0 555 59.5 61.5 51.0 53.5
+ Normalization (prop.) 56.0 74.0 72.0 59.0 64.5 69.0 - -
7B ‘Windowed-PPL (prop.) 60.0 57.8 53.8 55.8 59.2 69.8 515 56.5
Localized-PPL (prop.) 53.0 55.5 65.0 58.8 56.0 57.8 - -
+ Normalization (prop.) 53.0 67.0 63.5 58.0 65.0 65.5 - -
Global-PPL 56.0 74.0 69.0 65.5 71.5 52.0 53.0 54.0
= + Normalization (prop.) 60.5 80.0 89.0 62.5 71.0 69.0 - -
7 - Windowed-PPL (prop.) 59.0 61.8 63.2 64.5 61.5 63.5 49.0 525
% Localized-PPL (prop.) 70.5 78.5 68.0 50.5 57.5 56.0 - -
+ Normalization (prop.) 66.0 82.5 87.5 57.0 66.5 68.5 - -
Global-PPL 52.5 67.5 67.0 53.0 55.5 54.5 475 51.0
+ Normalization (prop.) 51.5 60.0 67.0 49.0 52.0 64.5 - -
base Windowed-PPL (prop.) 48.8 50.8 58.5 53.8 56.0 68.5 46.0 60.8
= Localized-PPL (prop.) 54.5 62.0 64.0 56.0 48.5 52.8 - -
- + Normalization (prop.) 54.0 57.0 59.5 55.5 57.0 52.0 - -
'35; Global-PPL 71.0 81.5 85.5 55.5 64.0 55.5 53.0 59.5
+ Normalization (prop.) 73.5 80.0 87.0 535 56.5 67.5 - -
Expr. ‘Windowed-PPL (prop.) 58.5 66.0 67.5 50.0 57.5 64.8 53.0 55.0
Localized-PPL (prop.) 73.5 80.5 84.5 54.5 55.0 58.5 - -
+ Normalization (prop.) 66.5 75.5 81.0 55.5 57.0 60.5 - -
Global-PPL 56.5 69.5 75.5 39.5 485 55.5 54.0 42.0
E + Normalization (prop.) 62.0 67.0 68.0 49.0 49.0 55.0 - -
2] emb ‘Windowed-PPL (prop.) 57.2 522 57.5 48.2 49.5 51.0 51.5 48.0
[<E Localized-PPL (prop.) 54.5 57.0 60.5 445 43.8 54.0 - -
+ Normalization (prop.) 55.5 52.0 55.5 47.0 48.5 535 - -
Global-PPL 61.5 75.0 76.5 66.0 65.0 56.5 59.0 53.5
+ Normalization (prop.) 71.5 86.0 82.5 56.0 63.5 80.5 - -
270M | Windowed-PPL (prop.) 65.5 68.2 71.8 55.5 60.8 66.5 54.5 55.0
Localized-PPL (prop.) 75.0 72.0 71.5 62.5 62.0 67.5 - -
+ Normalization (prop.) 75.5 68.5 77.0 54.5 63.0 78.0 - -
s Global-PPL 65.5 77.0 79.0 69.0 66.0 76.0 58.5 54.5
7 + Normalization (prop.) 78.0 85.0 87.5 58.0 69.0 88.5 - -
% 1B ‘Windowed-PPL (prop.) 67.8 66.8 75.2 59.0 61.2 712 58.0 53.5
[ Localized-PPL (prop.) 79.5 73.5 79.0 64.5 68.0 81.5 - -
+ Normalization (prop.) 80.5 69.0 80.0 53.0 63.0 78.5 - -
Global-PPL 64.5 76.0 80.5 69.5 64.5 73.5 57.5 53.5
+ Normalization (prop.) 82.5 85.0 88.5 58.5 73.5 85.5 - -
1B-ext. | Windowed-PPL (prop.) 66.5 71.2 73.0 61.5 61.8 71.0 52.0 57.0
Localized-PPL (prop.) 79.5 76.0 81.5 65.5 69.5 83.5 - -
+ Normalization (prop.) 82.0 74.5 81.0 54.0 67.5 81.0 - -
= Global-PPL 79.5 85.5 82.0 75.0 72.0 92.0 53.0 49.0
g + Normalization (prop.) 89.0 95.0 99.5 73.5 87.0 98.5 - -
& 1.3B ‘Windowed-PPL (prop.) 80.5 91.2 96.2 65.2 66.5 81.2 51.0 53.5
§ Localized-PPL (prop.) 95.5 95.5 100.0 79.5 84.5 97.5 - -
~ + Normalization (prop.) 92.0 98.0 99.0 81.0 85.0 97.0 - -
‘ Human Topline (Measured by (Maimon et al., 2025)) ‘
| Human | - [ - [ 9712 915 98.6 83.1 88.7 944 [ 933 95.7 |
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C.2 Model-as-a-Judge for Measuring
Generation Consistency

Table 6 exhibits task-wise performance on embed-
ding judge candidates. From the results, we ob-
serve that no single embedding model aces all six
attributes, motivating future work on more gener-
alizable audio embedding approaches. In addition,
these results indicate that acoustic features (speaker
features, background features) are effectively time-
invariant at the resolution probed by current evalu-
ation protocols. Such stability endorses a prevalent
architectural choice of conducting speech synthesis
conditioned on a constant residual acoustic embed-
ding. Notably, CAM++ serves as a highly versatile,
general-purpose acoustic representation model and
is widely adopted in generative speech systems
(Tseng et al., 2025; Du et al., 2024; Hsu et al.,
2025). Related design choices also appear in other
spoken-language models with speech generation
(Nguyen et al., 2024; Lakhotia et al., 2021; Hassid
et al., 2024) and conversational speech frameworks
(Défossez et al., 2024).

Table 7 shows the results of SLM performance
evaluated by selected judge models. Similar to
the conclusions made in the proposed likelihood
estimation methods, evaluating on true continua-
tions shows scores are in the vicinity of the human
topline for top performing models, especially on
traits related to human speech (sentiment, speaker,
gender).

Whereas Llama-Mimi integrates a deeper hierar-
chy of Mimi token layers into its speech modeling
pipeline, Flow-SLM deploys a more intricate flow-
matching speech decoder, which may account for
its elevated scores on certain subtasks measuring
directly in the speech.

Overall, HuBERT-based models perform close
to chance level. A notable exception is Spirit-LM-
Expressive, which includes additional pitch and
style tokens. Experiment shows that this additional
information is best reflected in sentiment perfor-
mance, reaching 72%.

A closer examination of reconstruction and con-
tinuation performance reveals that the failure in
continuation arises from the reconstructed audio
lacking the relevant content to begin with. In most
cases, reconstructions achieve near-chance scores
mirroring their continuation counterparts, which is
strikingly poor given that evaluation on the origi-
nal audio yields near-ceiling performance on the
benchmark. Manual inspection of the audio re-

veals that the audio is indeed greatly distorted com-
pared to the original sample, where semantic pro-
nunciations are greatly preserved but speaker and
background information collapses. This example
illustrates a key limitation of global uncertainty
measures. Even when they showed moderate per-
formance, such performance failed to generalize to
continuation performance that requires local acous-
tic fidelity at each generation step.

C.3 Shapley Analysis

Table 8 shows token-type ablations and Shapley
attributions for Spirit-LM-Expressive (HuBERT
H, pitch P, style S) and Llama-Mimi (layers 0—
3), under four evaluation settings. The top half of
each panel reports the observed accuracies, and
the bottom half reports the corresponding Shapley
values ¢ computed from those accuracies using a
null baseline of 50% on every task. For Spirit-LM-
Expressive, localization alone leaves the average
HuBERT and pitch attributions nearly unchanged
(P : 9.6 — 9.6, ¢p : 9.5 — 9.4), whereas nor-
malization shifts attribution away from HuBERT
(¢m : 9.6 — 7.6) and toward pitch (¢p : 9.5 —
13.1). For Llama-Mimi, both localization and nor-
malization generally increase Shapley values, with
the largest gains concentrated in the middle layers:
under normalization, ¢o rises from 12.2 to 15.8 and
¢3 from 8.1 to 10.5; under localization, ¢ rises
to 14.5 and ¢3 to 11.1. These attribution shifts
are most pronounced on speaker-related attributes,
including sentiment, speaker identity, and gender.

C.4 Loss Response Figures

Figures 5 through 12 show a per-task breakdown
of the models’ NLL-loss responses. The degree of
separability between the positive and negative NLL
responses in these plots largely correlates with the
resulting accuracy. Consistent with this, speaker-
related attributes (sentiment, speaker identity, and
gender) exhibit larger separations.
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Table 6: Embedding model performance on SALMon, where the accuracy is aggregated over d(S, P) < d(S, N).

Embedding Model Performance
Acoustic Consistency
Sentiment T Speaker T Gender 1 Bg (domain) 1 Bg (rand.) 1 Room 1
TITANET (Koluguri et al., 2022) 99.5 100.0 100.0 58.5 70.5 94.0
CAM++ (Wang et al., 2023b) 95.5 95.5 99.0 69.5 84.5 9.5
CLAP (Elizalde et al., 2023) 96.0 91.0 98.5 78.0 90.0 97.0
wav2vec2-large-audioset (La Quatra et al., 2024) 91.5 70.0 75.5 82.5 95.5 99.0
HuBERT-large-audioset (La Quatra et al., 2024) 90.0 74.5 74.5 86.5 97.5 95.5
data2vec-audio-large (Baevski et al., 2022) 58.5 67.0 59.5 54.0 45.5 71.5
wavlm-large (Chen et al., 2022) 75.0 66.5 69.5 52.5 56.0 93.0
wav2vec2-large-robust (Hsu et al., 2021) 74.5 58.5 525 59.5 67.5 76.5
‘ Selected Classifier ‘ TITANET TITANET TITANET HuBERT-large-audioset hubert-large-audioset wav2vec2-large-audioset ‘
| Human | 972 91.5 98.6 83.1 88.7 94.4 |

Table 7: Generation performance of spoken language models judged by the appropriate model as a judge. Main
numbers report performance of continuation samples from the SLM; parenthesized numbers report the performance
of reconstructed audio that is generated from the speech tokens of SLMs. Boldface items indicate that the generation
performance exceeds the human topline reported by (Maimon et al., 2025).

Acoustic Consistency
Sentiment T Speaker T Gender 1 Bg (domain) 1 Bg (rand.) T Room 1
Judge Model . . .
TITANET TITANET TITANET HuBERT-large-audioset HuBERT-large-audioset wav2vec2-large-audioset

Evaluated Model
55.0 55.0 50.5 59.5 55.5 53.0
GSLM (57.5) (58.5) (50.0) (60.0) (52.0) (48.0)
48.0 53.0 52.5 61.5 53.0 52.5
TWIST-350M (48.5) (53.5) (53.0) (60.0) (53.5) (49.0)
48.0 55.0 54.5 62.5 54.0 53.5
TWIST-1.3B (50.5) (52.5) (52.0) (60.0) (54.0) (48.5)
48.0 54.5 52.0 59.5 54.0 51.5
TWIST-7B (51.0) (53.0) (53.0) (60.5) (54.0) (49.0)
46.5 49.5 55.5 51.0 54.0 52.5
pGSLM (52.0) (57.5) (58.0) (51.0) (53.5) (49.0)
475 52.0 50.5 50.5 52.5 50.0
Spirit-LM (50.0) (50.5) (50.5) (51.5) (53.0) (47.5)
. 72.0 54.0 56.0 58.5 55.5 54.5
Spirit-LM-expr. (81.0) (53.0) (58.0) (62.0) (56.0) (50.0)
95.0 100.0 100.0 61.5 54.5 57.5
TASTE-emb. (95.0) (99.0) (99.5) (63.0) (53.5) (53.0)
85.0 87.0 92.5 77.0 86.0 69.5
Flow-SLM-270M (98.0) (100.0) (100.0) (80.0) (94.0) (96.5)
92.5 99.5 99.0 77.0 84.5 77.0
Flow-SLM-1B (98.0) (100.0) (100.0) (80.0) (94.0) (97.0)
93.0 98.0 100.0 77.0 86.5 85.0
Flow-SLM-1B-Ext. (98.0) (100.0) (100.0) (80.0) (94.0) (97.0)
o 93.0 90.0 95.0 81.0 90.0 78.5
Llama-mimi (92.0) (95.0) (95.0) (78.5) (91.0) (85.0)
Human Topline 97.2 91.5 98.6 83.1 88.7 94.4
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Table 8: Token-type ablations and Shapley attributions for Spirit-LM (HuBERT H, pitch P, style S) and Llama-
Mimi (layers 0-3), under four evaluation settings that combine estimator locality (Global vs. Localized) and scoring
normalization (Original vs. Normalized).

Spirit-LM
Original Normalized

H P S \ Sent. Spk. Gen. BgD. BgR. Room \ Avg H P S ‘ Sent. Spk. Gen. BgD. BgR. Room | Avg

v v v | 710 815 855 555 640 555 |688 v v v | 735 800 870 535 565 675 | 69.7

. v v -] 730 815 850 570 630 545 |69.0 v v - | 785 780 895 530 560 720 | 712

& v - V|55 670 740 495 580 570 | 605 v - v |660 705 71.0 555 465 525 | 603

e - v V|570 700 740 540 565 51.0 |604 - v V| 660 650 780 495 585 695 | 644

QO v - —-|55 6715 730 505 600 545 |603 v - - 640 735 725 505 510 520 | 60.6

- vV —-1]1560 695 725 540 570 515 |60.1 - v —-]670 675 8.0 530 615 730|673

- — V| 540 485 46.0 455 490 52.0 |492 - — V| 490 515 525 445 495 53.0 | 50.0

oH +10.2 +14.8 +182 +1.8 +83 +4.3 |+9.6 on +11.9 +17.8 +148 +33 -1.8 -02 | +7.6

bp +9.8 +17.2 +18.0 +5.8 +6.1 -0.2 | 49.5 dp +13.4 +12.0 +23.1 +1.6 +9.5 +18.8 | +13.1

bs +1.0 -05 -07 -22 -04 +13]-03 ¢s -8 +02 09 -14 -12 -1.0 | -1.0

_ H P S|Sent. Spk. Gen. BgD. BgR. Room|Avg H P S|Sent. Spk. Gen. BgD. BgR. Room | Avg
w

v v V| 735 805 845 545 550 585|678 v v v ]665 755 810 555 570 605 | 66.0

ﬁ v v -|750 815 855 570 550 585 |68.8 v vV - | 730 800 840 540 620 635 | 694

- YV - V|55 675 720 535 500 595 |60.3 v - V|50 675 585 585 525 535|578

; - v V| 645 685 80.0 525 465 53.0 |60.8 - v V| 620 665 830 570 535 620 | 640

& v - —-]1610 660 715 565 540 600 |61.5 v - —|540 695 595 555 525 560 | 57.8

= - vV -|620 710 800 520 470 520 |60.7 - v -] 685 705 860 580 565 620 | 669

g - V| 540 430 462 482 478 472 |478 - — V| 460 425 425 528 470 57.0 | 480

- bu +9.8 +15.2 +139 +45 +59 +83 |+49.6 bu +52 +152 +48 +1.6 +38 +1.2 | +53

op +12.7 +182 +22.1 +1.8 +0.6 +1.0 |+94 op +15.5 +152 +30.3 +2.1 +63 +84 |+13.0

bs +1.0 -2.8 -1.5 -1.8 -1.5 08 | -1.2 bs -4.2 -5.0 42 +1.7 -32 409 -2.3

Llama-Mimi
Original Normalized

0 1 2 3]Sent. Spk. Gen. BgD. BgR. Room | Avg 0 1 2 3|Sent. Spk. Gen. BgD. BgR. Room | Avg

v v v | 795 855 8.0 750 720 92.0 | 81.0 v v v 80.0 950 995 735 870 98.5 | 904

- -1 570 71.0 650 675 675 715 | 66.6 vV - — —|555 690 735 600 620 755 | 659

- v - 60.5 700 735 645 625 715 | 67.1 - v - 755 725 775 545 67.0 80.0 | 71.2

- v —-1]1750 825 845 680 670 910 | 78.0 - v —| 845 895 930 675 700 865 | 81.8

- - - V| 625 785 770 670 67.0 815 | 722 - - V| 720 780 825 645 675 835 | 747

v Vv - - | 725 765 1755 670 685 750 | 725 v Vv - -] 725 785 845 605 720 815 | 749

- v v —-|760 800 840 705 695 905 | 784 - v v =195 930 980 650 795 940 | 86.7

= - - v V| 710 845 855 725 73.0 96.0 | 80.4 - - v V| 845 925 965 705 770 925 | 856

-g v - - Vv |610 790 735 735 740 795 | 734 v - - V| 725 830 80 660 745 870 | 785

G v -— v —-1]700 785 805 715 70.0 925 77.2 v - v -] 7715 905 935 675 735 89.0 | 819

- v - Vv |760 805 810 730 705 805 | 769 - v - Vv |85 860 8.5 630 755 875 | 80.7

v v v -|780 820 800 735 720 0915 | 795 v v v —]835 925 955 695 805 950 | 86.1

v v - Vv | 740 795 775 710 71.0 805 | 75.6 v Vv - V| 795 860 925 650 790 910 | 822

v - v Vv | 670 830 805 735 725 955 | 787 v - v v |80 920 950 715 800 945 | 858

- v v v | 8.5 855 80 710 725 93.0 | 812 - v v V|85 935 980 715 830 960 | 88.6
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Figure 5: Positive vs. Negative Sample Mean NLL-Loss Response for GSLM across six consistency splits.
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Figure 6: Positive vs. Negative Sample Mean NLL-Loss Response for pGSLM across six consistency splits.
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Positive vs Negative Sample Mean NLL-Loss Response (TWIST-1.3B)
—— Positive Samples (with Standard Error) —— Negative Samples (with Standard Error) ----- Transition Timeframe (t=0)
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Figure 7: Positive vs. Negative Sample Mean NLL-Loss Response for TWIST-1. 3B across six consistency splits.
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Positive vs Negative Sample Mean NLL-Loss Response (Spirit-LM)
—— Positive Samples (with Standard Error) —— Negative Samples (with Standard Error) ----- Transition Timeframe (t=0)
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Figure 8: Positive vs. Negative Sample Mean NLL-Loss Response for Spirit-LM across six consistency splits.
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Positive vs Negative Sample Mean NLL-Loss Response (Spirit-LM-Expressive)

—— Positive Samples (with Standard Error) —— Negative Samples (with Standard Error) ----- Transition Timeframe (t=0)
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Figure 9: Positive vs. Negative Sample Mean NLL-Loss Response for Spirit-LM-Expressive across six consis-
tency splits.

Positive vs Negative Sample Mean NLL-Loss Response (TASTE)

—— Positive Samples (with Standard Error) —— Negative Samples (with Standard Error) ----- Transition Timeframe (t=0)
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Figure 10: Positive vs. Negative Sample Mean NLL-Loss Response for TASTE across six consistency splits. We
follow TASTE’s audio-text alignment setting and report with textual tokens as the granularity of the x-axis.
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Positive vs Negative Sample Mean NLL-Loss Response (Flow-SLM-1B-Extended)

—— Positive Samples (with Standard Error) —— Negative Samples (with Standard Error) ----- Transition Timeframe (t=0)
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Figure 11: Positive vs. Negative Sample Mean NLL-Loss Response for Flow-SLM-1B-Extended across six
consistency splits. At the transition timeframe (t=0), each of the category has distinct postive and negative response
(clear separation by 95% confidence interval).

Positive vs Negative Sample Mean NLL-Loss Response (Llama-Mimi-1.3B)
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Figure 12: Positive vs. Negative Sample Mean NLL-Loss Response for L1ama-mimi-1. 3B across six consistency
splits. At the transition timeframe (t=0), each of the category has distinct postive and negative response (clear
separation by 95% confidence interval).
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