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Abstract

Autoregressive (AR) models excel at gener-
ating temporally coherent audio by produc-
ing tokens sequentially, yet they often fal-
ter in faithfully following complex textual
prompts—especially those describing complex
sound events. We uncover a surprising ca-
pability in AR audio generators: their early
prefix tokens implicitly encode global seman-
tic attributes of the final output, such as event
count and sound-object category, revealing a
form of implicit planning. Building on this in-
sight, we propose Plan-Critic, a lightweight
auxiliary model trained with a Generalized
Advantage Estimation (GAE)-inspired objec-
tive to predict final instruction-following qual-
ity from partial generations. At inference
time, Plan-Critic enables guided exploration:
it evaluates candidate prefixes early, prunes
low-fidelity trajectories, and reallocates compu-
tation to high-potential planning seeds. Our
Plan-Critic-guided sampling achieves up to
a 10 points improvement in CLAP score
over the AR baseline—establishing a new
state of the art in AR text-to-audio genera-
tion—while maintaining computational par-
ity with standard best-of-N decoding. This
work bridges the gap between causal genera-
tion and global semantic alignment, demon-
strating that even strictly autoregressive mod-
els can plan ahead. Codes will be available at
https://github.com/wjc2830/Siren.git.

1 Introduction

Text-to-audio generation aims to synthesize au-
dio signals given textual descriptions (Liu et al.,
2023; Majumder et al., 2024; Xing et al., 2024;
Tian et al., 2025). Most existing approaches adopt
non-autoregressive (NAR) frameworks, such as dif-
fusion models (Cheng et al., 2025; Wang et al.,
2025b), that operate over continuous latent rep-
resentations. While highly effective, they often
neglect the inherently sequential and causal nature
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Figure 1: Instruction-following performance (y-axis) of
different methods, measured by CLAP scores. The z-
axis labels, Event@QN, indicate prompts with /N distinct
audio events, where a higher number of events corre-
sponds to increased complexity.

of audio, which unfolds temporally in a strictly for-
ward direction. To better capture such dynamics,
recent works such as Siren (Wang et al., 2025a) has
revisited AR paradigm (Kreuk et al., 2023; Copet
et al., 2024), generating audio token-by-token. It
naturally mirrors the temporal progression of sound
and yields superior temporal coherence.

Despite their success in producing high-fidelity
audio, AR models suffer from a persistent limi-
tation: they struggle to faithfully follow complex
textual prompts. When prompts describe multiple
sequential or complex audio events, AR-generated
outputs frequently omit or misalign key semantic el-
ements, resulting in degraded instruction-following.
As shown in Figure 1, while diffusion models main-
tain stable performance as prompt complexity in-
creases, AR baselines exhibit a consistent drop in
CLAP score (Wu et al., 2023)—highlighting a fun-
damental gap between strong temporal modeling
and robust semantic alignment.

The main reason for such disparity lies in archi-
tectural differences. Diffusion models, often built
on UNet (Rombach et al., 2022) or bidirectional
transformer (Peebles and Xie, 2023), allow every
token to attend to both past and future states, en-
abling global coordination and coarse-to-fine plan-
ning across the entire timeline. AR models, by
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contrast, generate outputs strictly left-to-right in to-
ken level, without explicit global control (Li et al.,
2022; Hua and Wang, 2020; Shen et al., 2019). As
a result, they excel at local temporal coherence but
often lack global semantic alignment, a weakness
that becomes more pronounced as prompt complex-
ity grows. This raises a central challenge: how can
AR models strengthen instruction following while
preserving their causal generation advantages?

We draw inspiration from human sequential pro-
duction, such as speech or writing, where people
plan ahead and rely on this plan as a global control
during output generation (Hu et al., 2022; Hovy,
1990; Pan and McKeown, 1998; McKeown, 1985).
Motivated by this analogy, we first conduct a pre-
liminary analysis with global attribute probing. Our
results reveal that AR models exhibit similar signs
of implicit planning: the prefix tokens (e.g., the
first 32 of a 288-token sequence) already encode
predictive information about high-level audio at-
tributes, including the event count and the sound
object category. This finding suggests that AR
models, though restricted to causal decoding, im-
plicitly embed global structural cues early in the
generation process as implicit planning.

Building on this observation, we propose a
guided decoding method that leverages implicit
planning as a control signal to steer AR model
generation at inference time. Specifically, we in-
troduce Plan-Critic, an auxiliary model trained
to predict instruction-following quality (measured
by CLAP score) from partial audio sequences. In
this way, we transfer the implicit planning into a
rectified score that enables early selection and guid-
ance of the subsequent full sequence generation.
A key challenge in training such critic is credit
assignment: the model must infer the overall se-
quence quality based on partial generations. To
address this, we design a Generalized Advantage
Estimation (GAE)-inspired training framework:
The critic produces value estimates at each gen-
eration step, with direct supervision applied only
to the final-step prediction using the ground-truth
CLAP score. To bridge the gap, intermediate pre-
dictions are regularized through temporal consis-
tency losses, propagating supervisory signals back-
ward along the sequence. This strategy mitigates
the credit assignment problem and allows reliable
assessment during early generation satge.

Equipped with Plan-Critic, we reframe inference
as guided exploration rather than blind left-to-right
rollout. Our Plan-Critic-guided sampling strat-

egy evaluates candidate prefixes early, prunes low-
scoring trajectories, and reallocates computation
to promising planning seeds. Unlike full-sequence
methods like best-of-N sampling—which gener-
ate complete outputs before reranking (Stiennon
et al., 2020)—our approach expands the effective
search space over high-quality global structures
while avoiding redundant computation. This yields
more efficient inference-time scaling and signifi-
cantly stronger alignment with complex prompts.

In summary, our main contributions are:

* We provide empirical evidence that early to-
kens in AR audio generation encode predictive in-
formation about global semantic attributes, reveal-
ing an intrinsic capacity for latent planning.

* We propose Plan-Critic—a novel auxiliary
model—and a GAE-inspired training paradigm that
quantifies implicit planning, enabling accurate pre-
diction of final instruction-following quality from
partial sequences.

* We introduce a Plan-Critic-guided sampling al-
gorithm that improves both efficiency and semantic
fidelity, achieving up to a 10 points gain in CLAP
score over the AR baseline and establishing a new
state-of-the-art in AR text-to-audio generation.

2 On Prefix Tokens and Implicit Planning

2.1 Preliminaries of AR Audio Generation

Consider an audio waveform z € RTwaXCwav,
where Cy,y denotes the number of channels and
Tway the temporal duration. An AR generator first
encodes x into discrete tokens using a residual vec-
tor quantization (RVQ) tokenizer (Kumar et al.,
2023), yielding a token sequence q € [V]7*T,
where V is the vocabulary size, R the number of
RVQ layers, and T the sequence length in tokens.

Following Kreuk et al. 2023; Wang et al. 2025a,
a causal transformer is employed to model the joint
distribution over tokens in a left-to-right manner,
predicting the next I codes at each time step:

p(@) =pgt, . afs. Gy G (1)
T
:Hp(Qtl""7qﬁ | q%""’Q{%""’qi?;l’@(c))’

where ®(c) is the encoded textual prompt. After
T AR steps, the generated token sequence q is
decoded back into a waveform via a detokenizer.
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Figure 2: Upper row: Event counting regression results,
with Kendall (K), Spearman (S), and Pearson (P) correla-
tion coefficients reported between predicted and ground-
truth counts. Lower row: t-SNE visualization of prefix
representations, colored by the object category associ-
ated with each prefix. The confusion matrix for the
classification results is also included. Takeaways: the
non-trivial generalization performance of event count-
ing and sounding object classification demonstrate the
high correlation between the prefix tokens with poste-
rior global attributes. Best viewed in color:

2.2 Implicit Planning for Future Generation
in Prefix Audio Tokens

Unlike diffusion-based models (Haji-Ali et al.,
2024; Tian et al., 2025; Cheng et al., 2025), which
leverage bidirectional context to globally coordi-
nate generation across time, the strictly causal na-
ture of AR models limits their ability to align with
complex textual instructions (Hua and Wang, 2020;
Shen et al., 2019). This often results in omissions
or misalignments of key semantic elements.
Inspired by human cognitive processes in speech
and writing, where individuals formulate high-level
plans before articulating details (Hu et al., 2022;
Hovy, 1990), we hypothesize that AR audio gener-
ators similarly engage in implicit planning: early
generated prefix tokens encode predictive signals
about global properties of the full audio sequence.
To test this, we conduct correlation probing ex-
periments: we train lightweight MLPs to predict
global attributes of the complete generated audio
from representations of its prefix tokens. Success-
ful generalization would imply that such attributes
are implicitly encoded during early generation.

Correlation Probing Framework With prompt
®(c), we use pretrained generator mp(q | P(c)) to
synthesize full audio sequences q € [V]#*T. In

the first Tjefix Steps, we extract the penultimate-
layer (for its richest semantics of model) hidden
states corresponding to the prefix tokens, hpefix €
REXToreix<C'with C' as hidden dimension.

We define an attribute function f(q) that maps
the full token sequence to a global semantic at-
tribute (e.g., number of sound events). If hpefix
contains predictive information about f(q), then a
mapping g(hprefix) — f(q)—realized by an MLP
g—should generalize beyond training data.

Attribute Design The chosen attributes must be
(i) global in scope, (ii) not inferable from local pre-
fix content alone, and (iii) distributed across the full
temporal span. We select two such attributes that
directly influence instruction-following fidelity:

1. Event count: the number of distinct au-
dio events in the generated output. To extract
this, we use a multimodal large language model
(MLLM) (Comanici et al., 2025) to caption the
audio and segment the caption into atomic sound
events. For example, Motor noise is followed
by a horn honking and a siren wailing is
parsed into three events, yielding a label of 3.

2. Sound-producing object category: the dom-
inant object responsible for sustained sound pro-
duction. We prompt a LLM (Comanici et al., 2025)
to generate diverse captions for each of 10 pre-
defined objects (e.g., rain), such as Heavy rain
is drumming on the window or The rain is
tapping quietly on the window during the
storm. All captions derived from the same object
share its category label.

For attribute (1), the MLP is trained as a regressor;
for attribute (2), as a classifier.

Empirical Results For event count prediction,
we generate 5,000 diverse prompts and synthesize
multiple audio samples per prompt using mg. An
MLLM labels each sample with its event count.
The dataset is split into train, validation, and test
sets. As shown in the upper panel of Figure 2, the
MLP regressor achieves strong generalization on
the test set. Correlation metrics—Kendall, Spear-
man, and Pearson—all indicate significant align-
ment between predicted and ground-truth counts.
For object category classification, we generate
2,000 prompts per object across 10 categories. The
MLP classifier, trained on prefix representations,
achieves high accuracy in distinguishing object cat-
egories, as visualized in the lower panel of Figure 2.
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Figure 3: Overall pipeline of the proposed plan-critic
guided framework. (I) illustrates the process of collect-
ing training data for the plan-critic model. (2) shows
the training of the plan-critic model, where we conduct
sparse GAE supervision with certain step ¢ is involved
in loss (elaborate in Section 4.1). Q) depicts how the
trained critic guides the generator’s inference sampling.

In summary, these results demonstrate that pre-
fix tokens in AR audio generation encode rich pre-
dictive signals about global semantic attributes of
the full sequence. This provides empirical evidence
for implicit planning—a latent capacity to antici-
pate future content during early decoding stages.

3 Plan-Critic Guided Generation

Our above insight suggests a practical strategy:
rather than retraining the large AR generator, we
can enhance its alignment with complex prompts
by leveraging early-generation signals as a form
of implicit plan. To this end, we introduce Plan-
Critic, a lightweight auxiliary model that maps
prefix tokens to a scalar score estimating the even-
tual instruction-following quality of the full audio.
This score enables early evaluation and selection of
high-potential generation trajectories, guiding in-
ference toward semantically faithful outputs, with
Figure 3 depicting pipeline.

3.1 Plan-Critic Model

The Plan-Critic model, denoted Y™, is a
transformer-based critic initialized from a subset of
parameters of the pre-trained AR generator my. Its

purpose is to evaluate, at intermediate generation
step t, how well the generated audios will perform
on instruction from current partial sequence.

Architecture and Initialization Given a prefix
token sequence Qprefix € [V]FxToreix | we first em-
bed it into eprefix € REXTpreixXC' yi5ing the embed-
ding layer. Following standard practice (Copet
et al., 2024; Wang et al., 2025a), we collapse the
R quantization layers via summation to obtain a
single temporal sequence epreﬁX € RTprenXC

The prompt ®(c) is encoded as a sequence of
contextualized text embeddings. The Plan-Critic
then processes €., and ®(c) through interleaved
causal self-attention and cross-attention layers. The
self-attention captures temporal dynamics within
the audio prefix, while cross-attention models align-
ment between audio and text.

The resulting contextualized representation is:

where hT e RTpreixxC
(@)
To ensure compatibility with the implicit plan-
ning signals identified in Section 2.2—which were
from the penultimate layer of mp—we initialize
T™ by corresponding layers of the generator. This
alignment ensures the critic operates in the same
representational manifold as the planning cues.

Th( Cprefix (I)(C))7

Finally, a MLP regression head T maps the
hidden state at step ¢, hgt, to a scalar value:

st = Ts(hL)). 3)

Generalized Advantage Estimation Training
The goal of Plan-Ceritic is to predict, from a partial
sequence, the eventual instruction-following of the
completed audio—quantified by CLAP score. A
naive approach would assign the final CLAP score
uniformly to all intermediate steps. However, it
ignores the temporal credit assignment problem:
each step tokens actually contribute differently to
the final performance.

To address this, we adopt a training objective
inspired by Generalized Advantage Estimation
(GAE) from reinforcement learning (Schulman
et al., 2017). For a generated sequence q of length
T, the Plan-Critic produces a sequence of value
estimates {s;}Z_;. Let § denote the ground-truth
CLAP score of the full sequence. We define a
sparse reward signal § € RT where 87 = 5 and
S =0fort <T.
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The GAE-based target for step ¢ is:

T—t—1
_ l(a old old old
Ty = Z (YA (8t +vsiin — siar) + 589,

1=0
“)
where s°9 denotes the value estimates from a
detached (non-gradient) copy of the critic, and
v, A € [0,1] are discount and smoothing hyper-
parameters. The critic is trained to minimize:

1
Leritic = Ky |:2(5t - Tt)2:| . 5

Remark (Intuition behind Eq. 5). The Eq. 5
target r; propagates credit backward from the fi-
nal reward while discounting distant contributions
(via 7y) and smoothing temporal differences (via
A). This enables the critic to assign higher value to
prefixes that genuinely support semantic alignment.

3.2 Plan-Critic Guided Sampling

Equipped with a trained Plan-Critic, we reformu-
late inference as a guided search over generation
trajectories. Standard AR sampling performs a
blind left-to-right rollout, allocating equal compu-
tational resources to all time steps. However, our
analysis in Section 2.2 shows that the prefix tokens
encode a high-level plan that largely determines
semantic fidelity. Moreover, empirical results (Sec-
tion 4.3) confirm that once the prefix is fixed, fur-
ther exploration in the postfix yields diminishing
returns in instruction-following performance.

This motivates a prefix-first inference strategy:
allocate more sampling budget to exploring diverse
prefix candidates, evaluate them early using the
Plan-Ciritic, and prune low-scoring trajectories be-
fore committing to full-sequence generation.

Our guided sampling proceeds as follows:

1. Given a prompt ®(c), sample a large batch of
3 Birefix
prefixes {qepy } 75" from (- | O(c)).
2. At step Tprefix, critic each prefix” s planning to

obtain scores s, = T (qlgreﬁx, d(c)).

3. Select the top-Bposix prefixes (Bposfix <
Byrefix) with the highest scores.

4. Continue AR generation from these selected
prefixes to produce full audio sequences.

This approach dynamically reallocates compu-
tation toward high-potential planning seeds, im-
proving both efficiency and semantic alignment.

In our experiments, we fix the total token bud-
get to match that of the baseline AR model (i.e.,
Bpreﬁx 'Tpreﬁx + Bpostﬁx : (T - Tpreﬁx) = Bbaseline : T)a
ensuring a fair comparison. Details on hyperparam-
eter selection are provided in Section 4.4.

4 Experiment

4.1 Settings

Datasets To train Plan-Critic model on base
generator unseen prompts, we use a large lan-
guage model (LLM) to synthesize 5,000 pseudo
audio captions and prompt our baseline generator,
Siren (Wang et al., 2025a), to produce 32 audio
samples per caption.

To mitigate potential domain shift from LLM-
generated prompts, we additionally curate prompts
from the official test sets of AudioCaps (Kim
et al.,, 2019) and VGGSound (Chen et al.,
2020a)—ensuring they were not seen during
Siren’s original training. From each dataset, we
reserve 1,000 such prompts as held-out evaluation
environments for assessing final performance.

Training Details To enable effective credit as-
signment across long sequences, we adopt a sparse
supervision strategy for the Generalized Advan-
tage Estimation (GAE) objective: the critic outputs
scores only at every 32nd time step, i.e., for all
t such that mod(t,32) = 0. This ensures gradi-
ent signals from the final reward can propagate
meaningfully back to the prefix tokens. Moreover,
to avoid overfitting, we randomly add a Gaussian
noise upon the computed CLAP scores.

The plan-critic is trained using the AdamW opti-
mizer with a learning rate of le — 4 for 40k steps.

Inference Details During inference, we employ a
prefix-first search strategy: we generate B¢ iz =
128 candidate prefixes in parallel and retain only
the top Bjostfiz = 2 based on plan-critic scores
for full-sequence completion. The prefix length is
fixed at Tj,c fi, = 32 tokens.

For a full audio sequence of 288 tokens per RVQ
layer (with 12 RVQ layers total), our method
consumes 128 x 32 4 2 x (288 — 32) = 4,608
tokens per RVQ layer, matching the token budget
of Siren’ s official best-of-N (BoN-16) baseline
(16 x 288 = 4, 608). For notational simplicity, we
omit the factor of 12 (RVQ layers) in subsequent
discussions, reporting token counts per layer.

All experiments are conducted on a single-node
AMD MI300X server.
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Method Instruction Following 1 Audio Quality
Overall CLAP | CLAP@1 | CLAP@2 | CLAP@3 | CLAP@4 | CLAP@>5 | FAD| | FD| | ISt | KL|
Solutions with Bidirectional Generators
AudioLDM2 24.46 30.89 24.75 22.12 21.93 20.30 2.04 | 37.76 | 832 | 1.72
MagNet 22.04 19.68 22.51 22.22 24.51 19.26 4.64 | 33.24 8.20 1.99
AudioX 27.12 27.14 27.19 27.11 28.49 25.36 3.02 | 28.68 | 11.28 | 1.54
MM Audio 31.21 32.94 31.13 31.13 30.78 28.17 5.51 19.06 | 13.78 | 1.37
TangoFlux 33.43 31.36 32.94 34.68 34.28 35.05 2.89 25.54 | 13.75 | 1.16
GenAU 34.59 33.68 34.57 34.54 35.36 3459 1.73 | 23.01 | 13.63 | 1.28
Solutions with Unidirectional Generators
DelayPattern+BoN-16 20.01 21.26 20.27 19.44 19.76 17.76 3.58 17.82 | 10.67 | 2.08
Siren+BoN-16 26.67 33.63 27.68 24.38 21.95 19.82 1.95 | 17.63 | 1041 | 191
Siren+Ours 36.47 40.20 37.35 34.72 34.09 32.59 1.96 1570 | 13.82 | 1.27

Table 1: Main results on AudioCaps. The best performed metric is in bold, and the second best is underlined.
Among solutions with bidirectional solutions, MagNet also utilizes a RVQ discrete tokenizer, but is equipped with a
BERT-like transformer in its generator. For unidirectional solutions, DelayPattern and Siren are all equipped with
inference decoding method of best-of-16. For Siren and ours solution, we share the same generated token budget,
where for the first policy transformer, the generated token numbers are all 4,608.

Metrics Following prior work (Cheng et al.,
2025; Tian et al., 2025; Wang et al., 2025a),
we evaluate audio quality using Fréchet Audio
Distance (FAD), Fréchet Distance (FD), Kull-
back—Leibler (KL) divergence, and Inception Score
(IS). And CLAP for overall instruction following.
To be fine grained, we assess model behavior across
complexity, where we use LLM to classify test
prompts by the number of audio events and report
performance across different event counts.

4.2 Main Results

Comparison with Other Audio Generators In
Table 1 and 4, we compare our method with
some bidirectional solutions, including Audi-
oLDM2 (Liu et al., 2024a), MagNet (Ziv et al.,
2024), AudioX (Tian et al., 2025), MMAu-
dio (Cheng et al.,, 2025), TangoFlux (Hung
et al., 2024), and GenAU (Haji-Ali et al., 2024).
As for unidirectional solutions, we pick Delay-
Pattern (Copet et al.,, 2024) and our baseline
Siren (Wang et al., 2025a). As the tables shown, our
method (Siren+Ours) achieves consistently non-
trivial improvement over baseline Siren. This
demonstrates that critic-guided prefix search en-
ables superior instruction alignment.

Comparison with Other Advanced Decoding Al-
gorithms With plan-critic model trained as an in-
stant reward model for ARs, it can be incorporated
with existing guided decoding methods, including
BoN, importance sampling (Owen and Zhou, 2000)
and TreeBoN (Qiu et al., 2024). Results in Table 2
and 3 show our presented sampling best cooperates

Method CLAPt | FAD| | FD| | ISt | KL|

BoN 26.67 1.95 | 17.63 | 10.41 | 1.91
Importance Sampling | 29.72 252 12758 991 | 290
TreeBoN 34.04 1.97 | 18.26 | 10.10 | 1.38

Ours 36.47 1.96 | 15.70 | 13.82 | 1.27

Table 2: Comparison with other advanced decoding
algorithms on AudioCaps, where these methods share
the same our trained plan-critic model.

Method CLAPT | FAD| | FD| | IST | KL{

BoN 25.62 4.63 | 3223 | 9.56 | 3.02
Importance Sampling | 27.37 440 | 30.84 | 9.19 | 3.01
TreeBoN 30.90 | 3.64 | 29.41 | 10.01 | 3.33

Ours 35.88 3.70 | 28.02 | 10.65 | 2.87

Table 3: Comparison with other advanced decoding
algorithms on VGGSound.

with our plan-critic model as the best.

4.3 Finding Studies

In this section, we conduct findings experiments
to support our major insights: the prefix tokens
indeed contain predictive information to the global
attributes of posteriorly generated audio.

Correlation with attributes is not because pre-
fix tokens decoded audio content To support
that the correlation obtained in Section 2.2 is not
because the prefix tokens decoded audios have con-
tained corresponding attributes, we conduct a com-
parison experiment that we utilize the detokenizer
to decode the prefix tokens into audio, and replace
the MLP network with a VGGish audio feature ex-
traction model, and try to regress the event count.
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Method Instruction Following 1 Audio Quality
Overall CLAP | CLAP@1 | CLAP@2 | CLAP@3 | CLAP@4 | CLAP@>5 | FAD| | FDJ ISt | KL}
AudioX 33.93 37.71 33.60 32.32 29.61 28.52 444 | 3586 | 9.39 | 2.94
MMAudio 31.69 36.81 31.39 29.45 26.02 22.81 3.57 | 29.10 | 10.64 | 2.90
GenAU 33.03 36.76 32.90 33.60 27.04 21.10 344 | 3455 | 10.10 | 2.52
Siren+BoN-16 25.62 28.60 26.51 22.51 21.53 16.37 4.63 | 3223 | 9.56 | 3.02
Siren+Ours 35.88 38.83 35.56 35.53 32.86 28.86 370 | 28.02 | 10.65 | 2.87

Table 4: Main results on VGGSound, where the textual prompts are annotated by Gemini-2.5 pro, and further
polished with a CLAP score restriction with original audio.

Event Count Regression from the First 32 Steps Ground-Truth Tokens

Train-set- K: 0.34, S: 0.43, P: 0.46

90%
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Figure 4: Upper row: Using prefix tokens from real
audio to regress the total event count of the full audio.
Low row: Event count regression using prefix tokens
from decoded (reconstructed) audio.

As shown in the lower row of Figure 4, we fail to
build this correlation from audio, which reflects the
correlation is not because audio content.

Moreover, we conduct a comparison, that given
some ground-truth audios collected from real
world, we utilize Siren’ s tokenizer (Kumar et al.,
2023) to transfer them into token sequences, where
we find that the first 32-step tokens fail to regress
event counts, which further demonstrates implicit-
planning is the property of AR generators.

Postfix tokens yields diminishing influence in
the instruction following We investigate how
much instruction-following quality is determined
by prefix tokens. For 10,000 fixed prefixes, we gen-
erate 1,000 full audio completions each and com-
pute the mean and standard deviation of the CLAP
scores over 1,000 post completions. In Figure 5,
the means [—10, 20], which means significant pre-
fix influences. While standard deviations are tightly
clustered in [2, 3]. This narrow variance indicates
that postfix variations have minimal impact.

Mean of CLAP (over Postfix)

euent@ ont@Z (k@3 k@4 i@

Std. Deviation of CLAP (over Postfix
° w

-40

. \,en‘@lﬁ vent@% ont@3 Vent@‘; yent@®

Figure 5: Given a set of prefix tokens, each is expanded
into 1,000 postfix sequences. The two plots show the
distributions of the mean and standard deviation of
CLAP scores computed across the 1,000 generations
per prefix, aggregated over 10,000 distinct prefixes. To
simplify the figure, we randomly select and visualize 25
points for each event count.

Components CLAP? | FAD| | FDJ ISt | KL}
Baseline 26.67 1.95 | 17.63 | 1041 | 1.91
Sparse Supervision | 10.67 3.01 |37.66 | 8.16 | 3.52
Random Guess 12.86 247 | 23.19 | 850 | 3.09
Ours 36.47 196 15.70 | 13.82 | 1.27

Table 5: Ablating plan-critic model training’ s supervi-
sion signal.

4.4 Ablation Studies

In this section, we conduct extensive ablation study
over the choices of hyper-parameters involved in
our method. In the following tables, we highlight
the rows with our final option in gray.

Ablating plan-critic model training In Table 5,
we compare our plan-critic model training’ s signal
with a naive sparse signal (tokens within a sequence
shares the same CLAP score). As a comparison,
we compare it with a random guess method (using
the same inference sampling strategy expect critic-
then-prune). In Table 6, we ablate different choices
of GAE supervision interval steps.

Sampling Strategy | Cost Tokens| | CLAPt | FAD| | FDJ| ISt | KL}
Baseline 4608 26.67 1.95 | 17.63 | 1041 | 1.91
Interval-16 2592 31.27 1.90 | 17.02 | 12.57 | 1.64
Interval-32 4608 36.47 1.96 | 1570 | 13.82 | 1.27
Interval-64 8640 37.34 1.76 | 15.21 | 1348 | 1.21

Table 6: Ablating the interval step of GAE training.
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Critic Time | CLAPt | FAD, [ FD| [ Ist [KL|
Prefix-32 | 27.52 | 1.86 | 18.07 | 11.12 1.85
Prefix-64 | 18.81 | 2.40 | 21.84 | 8.88 | 2.64
Prefix-96 | 1856 | 243 | 22.19 | 8.88 | 2.68
Postfix-64 | 1840 | 255 | 22.31 | 8.86 | 2.69
Postfix-32 | 18.01 | 250 | 21.91 | 9.01 | 2.71

Table 7: Ablating the critic temporal step.

Instruction Following Audio Fidelity
Method
General | Complex | General | Complex
vs. Siren 78.36 93.20 53.53 55.20
vs. AudioX | 70.49 67.89 60.81 65.37
vs. GenAU | 65.01 63.37 45.61 50.19

Table 8: User study results. We report the win-rate (%)
of our solution when comparing with different methods.

Ablating sampling strategies In Table 7, we ab-
late different choices for the timing of Plan-Critic
evaluation, specifically the prefix length T} s« at
which the critic is applied. To clarify it: Prefix-x
denotes applying critic after the first  temporal
steps, while Postfix-x is applying it x steps before
the end of sequence (i.e., at step 288 — ).

To ensure that the Postfix-32 configuration can
be executed within the memory constraints of a
single GPU, we use a reduced prefix batch size of
Byprefix = 8 uniformly across all entries in Table 7.

Additional ablation studies exploring alternative
sampling strategies are provided in the Appendix.

4.5 User Study

In Table 8, we conducted a human evaluation study
with 30 domain experts. Each annotator assessed
approximately 100 prompts per semantic category
using pairwise A/B tests. For each pair, they judged
which audio better followed the prompt instructions
and which sounded more natural. This yielded
over 18,000 comparisons in total, providing human-
validated support for our method’s gains in both
semantic fidelity and audio quality.

5 Related Work

Audio Generation. Denoising diffusion mod-
els (Ho et al., 2020; Song and Ermon, 2019; Song
et al., 2020; Dhariwal and Nichol, 2021; Lu et al.,
2022; Rombach et al., 2022; Peebles and Xie, 2023)
excel at audio synthesis. They are typically applied
in latent space: 1D tokenizers operate on wave-
form (Evans et al., 2025; Lee et al., 2024), while
2D architectures process mel-spectrograms using
U-Nets (Liu et al., 2022, 2023, 2024a; Xue et al.,
2024; Evans et al., 2024; Xing et al., 2024; Du et al.,

2023; Liu et al., 2024b; Agostinelli et al., 2023; Ma-
jumder et al., 2024; Wang et al., 2025b) or diffusion
transformers (DiT) (Lee et al., 2024; Valle et al.,
2025). Recent work integrates flow matching (Lip-
man et al., 2023; Liu et al., 2025) to accelerate sam-
pling and achieve sota results (Cheng et al., 2025;
Valle et al., 2025). However, the bidirectional fea-
ture interaction breaks the nature of causal flow of
audio data.

In parallel, ARs adopt discrete representations
via vector quantization (VQ) (Chen et al., 2020b;
Chang et al., 2022; Li et al., 2023; Yu et al., 2023a;
Zheng et al., 2022; Chang et al., 2023; Tian et al.,
2024). Early hybrids suffered from fidelity loss due
to VQ compression (Yu et al., 2023b; Mentzer et al.,
2023), prompting the adoption of residual VQ
(RVQ) (Wu and Yu, 2019; Défossez et al., 2022;
Kumar et al., 2023). A key advance is Siren (Wang
et al., 2025a), which employs a parallel transformer
and achieves sota audio quality. Yet, it exhibits
weak instruction-following capability.

Test-Time Compute. Our work is also related
to recent advances in test-time compute, which
aim to improve model performance by generating
multiple candidate outputs and then selecting the
best one according to specific criteria (Snell et al.,
2024; Ji et al., 2025; Muennighoff et al., 2025).
Common strategies include majority voting (Wang
et al., 2022; Toh et al., 2024) and Best-of-N se-
lection based on predefined rewards (Cobbe et al.,
2021; Levi, 2024). A central component of this
paradigm is the use of reward models to evaluate ei-
ther the final outcomes (Liu et al., 2024c; Xin et al.,
2024) or the intermediate reasoning steps (Ma et al.,
2023; Khalifa et al., 2025). In this work, we extend
test-time compute to text-to-audio generation by
introducing an implicit planning—based partial re-
ward model, enabling effective and efficient scaling
of AR models for high-quality audio synthesis.

6 Conclusion

In this work, we show that AR text-to-audio mod-
els inherently perform implicit planning: early to-
kens encode global semantic attributes of the full
output. Based on this, we propose Plan-Critic,
a lightweight model trained with a GAE-inspired
objective to estimate instruction-following quality
from partial sequences. Leveraging Plan-Ceritic,
we further introduce a guided sampling strategy
that reallocates computation to high-potential pre-
fixes, yielding up to a 10% CLAP score gain over
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Siren and setting a new state of the art. Our results
demonstrate that even strictly causal models can
achieve global alignment—when guided wisely.

Limitations

While our Plan-Critic framework significantly im-
proves instruction-following fidelity in autoregres-
sive (AR) text-to-audio generation, several limita-
tions remain:

Dependency on CLAP as a Proxy Metric: Our
Plan-Critic is trained to predict CLAP scores,
which serve as a proxy for semantic alignment.
However, CLAP—Ilike any embedding-based met-
ric—may not fully capture nuanced aspects of hu-
man perception, such as temporal plausibility, emo-
tional tone, or fine-grained event ordering. To rem-
edy this, our future work may expand from design-
ing a human preference aligned reward model.

Fixed Prefix Length Assumption: Our method
assumes that global planning is encoded within a
fixed-length prefix (e.g., the first 32 tokens). While
empirical results support this for the evaluated
model and audio duration (288 tokens), this may
not generalize to longer or more complex audio
sequences (e.g., multi-minute soundscapes), where
planning might unfold over multiple stages or re-
quire hierarchical structure. To remedy this, the
potential future work may explore the prefix length
with a fixed ratio with the whole length.

Training Data Bias: The Plan-Critic is trained
on audio generated by a single AR model (Siren)
using LLM-synthesized and curated prompts. This
introduces potential biases: the critic may overfit
to Siren’s specific failure modes or stylistic tenden-
cies and may not transfer well to other AR gen-
erators or domains with different acoustic charac-
teristics (e.g., music vs. environmental sounds).
However, the scaling capacity of transformer ar-
chitecture along with training data has been well
validated. The following works may address this
from scaling up the critic model size and training
data.
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A Data Engine

We detail our data pipeline for curating rollout data
generated by a baseline audio synthesis model, us-
ing either synthesized or collected textual prompts.

A.1 Synthesized Prompts

To enrich the diversity and coverage of our train-
ing data, we employ a large language model
(LLM) (Comanici et al., 2025) to automatically
generate a wide range of textual prompts that de-
scribe various auditory scenes. These prompts are
carefully designed to span diverse acoustic environ-
ments, sound sources, spatial configurations, and
contextual scenarios. The LLM is guided by a set
of curated seed phrases and constraints to ensure se-
mantic coherence, acoustic plausibility, and align-
ment with the capabilities of the audio generation
model. This synthetic prompt generation process
significantly expands the breadth of our dataset
while maintaining control over the thematic and
structural properties of the resulting audio scenes.

A.2 Realistic Prompts Collection

To mitigate the domain gap between synthetically
generated prompts and naturally occurring audio
descriptions, we curate a set of realistic prompts
from the official test sets of two established audio-
captioning benchmarks: AudioCaps (Kim et al.,
2019) and VGGSound (Chen et al., 2020a). These
datasets provide realistic audio collected from real
world, that reflect authentic listening experiences
and real-world acoustic contexts.

To ensure a fair and standardized evaluation, we
reserve 1,000 prompts from each dataset—drawn
exclusively from their official test splits—as our
held-out evaluation set. The remaining prompts
from the test sets (where permitted by the dataset
licenses and evaluation protocols) are repurposed
to augment our training data, thereby enriching the
realism and linguistic diversity of our prompt dis-
tribution without compromising the integrity of the
final benchmark results. This strategy allows us to
bridge the gap between synthetic and real-world
prompts while maintaining compatibility with es-
tablished evaluation frameworks.

A.3 Rollout Data Collection

Using the combined set of synthesized and realistic
prompts described above, we generate rollout data
with the pre-trained autoregressive audio generator
Siren (Wang et al., 2025a). For each prompt, we

perform random sampling to produce 32 distinct
audio rollouts, resulting in a diverse set of acous-
tic realizations conditioned on the same textual
instruction.

For every generated audio—prompt pair, we com-
pute an instruction-following score using the CLAP
model (Wu et al., 2023). Specifically, CLAP pro-
vides a similarity-based alignment score between
the generated audio and its corresponding prompt,
which we interpret as a proxy for how well the au-
dio adheres to the semantic and contextual intent of
the instruction. These scores are assigned to each
rollout trajectory, enabling us to assess and later
rank or filter generations based on their fidelity
to the given prompt. This annotated dataset of
(prompt, audio, CLAP score) triples forms the foun-
dation for subsequent critic optimization stages in
our pipeline.

B Metrics Computation

The primary objective evaluation metrics we em-
ploy are Fréchet Distance (FD), Inception Score
(IS), and Kullback-Leibler (KL) divergence, all
computed using features extracted from PANNs
(Pretrained Audio Neural Networks) (Kong et al.,
2020), a state-of-the-art audio classification model.

* Fréchet Distance (FD), analogous to the
Fréchet Inception Distance (FID) in image
generation, quantifies the similarity between
the distributions of generated and reference
(real) audio samples in the PANNs embedding
space. A lower FD indicates better alignment
between the generated and target audio distri-
butions.

* Inception Score (IS) assesses both the quality
and diversity of generated samples by mea-
suring the entropy of conditional label dis-
tributions predicted by PANNSs: high-quality
samples yield confident predictions (low con-
ditional entropy), while diverse samples pro-
duce a broad range of labels (high marginal
entropy).

* KL divergence is computed at the individual
(paired) sample level—comparing the PANNs-
predicted class distribution of a generated
audio clip against that of its corresponding
ground-truth or reference audio—and then av-
eraged across the dataset to yield a final score.
Lower KL divergence reflects closer semantic
and acoustic alignment.
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Figure 6: Schematic illustration of different sampling
strategies, where B is batch size, T' the temporal length.

Sampling Strategy | Cost Tokens| | CLAPt | FAD] | FD| ISt | KL
Strategy (i) 3456 32.46 1.87 | 16.30 | 12.00 | 1.50
Strategy (ii) 5504 36.98 1.96 | 15.79 | 13.51 | 1.30
Strategy (iii) 5056 36.75 1.94 | 1575 | 13.56 | 1.29
Strategy (iv) 4800 36.74 1.93 | 1574 | 13.57 | 1.30
Strategy (v) 4608 36.47 1.96 | 15.70 | 13.82 | 1.27

Table 9: Ablating different sampling strategies.

In addition to PANNs-based metrics, we also
report the **Fréchet Audio Distance (FAD)** (Kil-
gour et al., 2018), which follows a similar distribu-
tional comparison principle but uses embeddings
from VGGish (Hershey et al., 2017). While VG-
Gish is a widely used audio representation model, it
is generally considered less powerful than PANNs
for modern audio understanding tasks; thus, FAD
serves as a complementary, albeit potentially less
discriminative, benchmark.

Finally, to evaluate semantic alignment between
audio and text, we adopt the CLAP score (Wu et al.,
2023), which leverages the contrastively trained
CLAP model to compute the cosine similarity be-
tween the embedded representations of generated
audio and their associated prompts. Higher CLAP
scores indicate stronger cross-modal coherence and
better instruction following.

C Additional Ablate Study on Difference
Sampling Strategies

In Table 9, we compare different kinds of sampling
strategies with a fixed critic step of Tprefix = 32,
where the schematic illustration of each strategy
can be found in Figure 6.

Strategy (i) generates 64 prefixes and com-
pletes all of them, resulting in modest instruction-
following performance (CLAP: 32.46). Strategy
(ii) explores a larger pool of 128 prefixes and
prunes to the top 8 for completion, yielding a signif-
icant CLAP improvement (36.98) at a higher token
cost (5,504), which exceeds our budget constraint.

Strategies (iii)—(v) operate within the 4,608-
token budget. Strategy (iii) mirrors our main
method: 128 prefixes are generated, scored by Plan-
Critic at step 32, and only the top 2 are completed,
achieving a CLAP score of 36.75. Strategy (iv)
retains 4 completions instead of 2, achieving com-
parable performance (CLAP: 36.74) with slightly
higher cost (4,800 tokens). Strategy (v) serves as
a strong baseline: it generates 128 prefixes and di-
rectly completes the top 2 without an intermediate
critique step, attaining CLAP 36.47—matching the
result reported in Table 1 for our full method.

These results highlight two key insights: (1)
early evaluation via Plan-Critic enables more effec-
tive pruning than selecting prefixes based on gener-
ation likelihood alone, and (2) allocating more com-
putation to diverse prefix exploration—followed by
aggressive pruning—yields substantial gains in se-
mantic fidelity without increasing total inference
cost. Our chosen configuration (Strategy iii) thus
offers the best trade-off between performance and
efficiency.
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