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Abstract—We describe our entry to the efficiency track
of the Academic Text-to-Music (ATTM) Grand Challenge at
ICME 2026. Beyond the challenge protocol’s FAD and CLAP-
text metrics, we add a learned human-preference reward from
TuneJury, a twin pairwise ranker trained over open music-
preference datasets. The reward serves both as a training-
time conditioning signal and as a sample-selection criterion.
The pipeline combines five engineering decisions on a 120M-
parameter FluxAudio-S backbone, four at training time and one
at inference: (i) training-time reward conditioning that doubles
as an inference-time CFG axis, (ii) a sweep over five score-condi-
tioning architectures, where training and inference use different
variants, (iii) expert iteration on the top decile, (iv) a short
preference-tuning pass (CRPO) for audio-caption alignment, and
(v) inference post-processing via joint CFG, source separation,
and loudness normalization. Per-stage decomposition on 100 Song
Describer prompts shows training-time reward conditioning as a
working conditioning axis, expert iteration as the dominant lift,
the preference-tuning pass at noise level, and the inference-time
score knob already saturated by the end of the chain.

Index Terms—text-to-music generation, reward conditioning,
preference modeling, flow matching, CFG, CRPO

I. INTRODUCTION

This paper reports our submission to the efficiency track (≤
500M parameters) of the Academic Text-to-Music (ATTM)
Grand Challenge at ICME 2026 [1]. The challenge protocol
evaluates three objective metrics: FAD-CLAP (Fréchet Audio
Distance [2] on LAION-CLAP-Music audio embeddings [3])
against the SDD-706 reference, a 706-track instrumental sub-
set of MTG-Jamendo [4] from the Song Describer Dataset
(SDD) [5]; CLAP-text cosine similarity [3]; and a Concept
Coverage Score (CCS) [1] computed by a large audio-language
model judge. We focus on the first two in our internal tables
and report the official CCS result in the Section IV footnote.

Beyond these two metrics, we use a learned human-
preference reward supplied by TuneJury [6], a twin pairwise
ranker [7] over LAION-CLAP-Music [3] and MERT [8]
features, trained on open music-preference datasets. The re-
ward enters the pipeline in two roles: a per-clip training-time
conditioning signal, and a selection criterion for self-generated
samples used in the expert-iteration fine-tune.

Our submission combines five concrete engineering deci-
sions on the 120M-parameter FluxAudio-S baseline [1], [9]
provided by the challenge: four act on the backbone weights
at training time, and one operates only at inference.

Training-time decisions.

Code & Demo: https://github.com/yonghyunk1m/ttm-humanpref.

(i) Conditioning on the human-preference reward. The
per-clip TuneJury score enters the backbone as a Fourier-
embedded [10] side input. Score-conditioned variants improve
FAD-CLAP by 0.025–0.040 absolute over the unconditional
baseline (Table I). Null-score dropout makes the reward an
additional classifier-free guidance (CFG) [11] axis at inference
time.

(ii) Sweep over score-conditioning heads. Of five injection
heads on the Jamendo-100 validation set (Table I), InputAdd
(v2) leads on FAD-CLAP, CLAP score, and input-score cor-
relation. We deploy a v1 → v2 hybrid: train Stages 1–2 in
the more-stable GlobalAdaLN (v1) forward, then cross-load
into the InputAdd (v2) forward at Stage 3. The reverse cross
is unsafe (Section IV-B).

(iii) Reward-guided expert iteration [12], [13]. We rank
samples from the score-conditioned supervised fine-tuning
(SFT) checkpoint by an equal-weight blend of ranker reward
and CLAP-text similarity, and fine-tune on the top decile. This
step is the dominant chain contributor: −0.0362 FAD-CLAP
on the v1 chain (Row 1 → Row 2 of Table II).

(iv) Short preference tuning for CLAP-text alignment.
A CLAP-Ranked Preference Optimization (CRPO) [14] pass
with a direct preference optimization (DPO) [15]-style objec-
tive fine-tunes the expert-iteration checkpoint on ∼2K CLAP-
aligned winner/loser pairs. The delta over expert iteration
alone is within paired-t noise, but we keep the step because
it is inexpensive.

Inference-time decision.
(v) Inference setup. Joint CFG [11] on text and reward,

a fixed prompt prefix, 3×Demucs [16] mdx_extra source
separation, and LUFS normalization (Section III-E).

The remainder of the paper expands on these decisions
(Section III) and reports per-stage ablations (Section IV).

a) Scope: The present report is scoped to the engineering
pipeline of the submission: at inference, we use a fixed
single-value score scalar selected on SDD-100, a 100-prompt
held-out split of SDD (Section IV) and do not analyze the
score-response curve. Three analytical questions are left to
future work: (a) why reward-conditioned flow matching admits
inference-time CFG extrapolation past the reward scalar’s
training support, (b) where this extrapolation breaks down,
and (c) how it generalizes to other backbones.

b) Workflow note: The engineering reported here was
carried out in a human-agent loop using Claude Code (An-
thropic’s Claude Opus 4.6/4.7), in the spirit of AI-Driven

https://github.com/yonghyunk1m/ttm-humanpref


Research for Systems [17]: the authors directed the design and
ran every training/evaluation job, while the agent drafted and
iterated on the implementation (code, scripts, and manuscript)
under the authors’ review. The full human-agent split is
detailed in AI Workflow Disclosure.

II. RELATED WORK

Our pipeline draws on a small set of well-established
ingredients from the flow-matching, preference-learning, and
music-generation literature. We close with a brief note on AI-
driven research workflows, the methodological frame for our
engineering loop.

a) Flow matching for audio generation: Flow match-
ing [18] learns a continuous-time velocity field whose Euler
integration maps prior noise to data. The Flux-style flow-
matching transformer [9] provides our backbone, in the form
of the FluxAudio-S baseline supplied by the challenge organiz-
ers [1]. Classifier-free guidance [11] combines a conditional
and an unconditional pass at inference to amplify the condi-
tioning signal.

b) Self-improvement via expert iteration: Expert itera-
tion, in the ExIt [12] and ReST [13] formulations, alternates
between sampling from the current policy and fine-tuning on
top-quality samples. We use a one-round version filtered by
our learned reward jointly with CLAP-text similarity.

c) Preference optimization: Direct preference optimiza-
tion (DPO) [15] fits a policy directly to pairwise preferences
without training a separate reward model. CLAP-Ranked Pref-
erence Optimization (CRPO), introduced in TangoFlux [14],
adapts DPO to text-to-music by constructing preference pairs
with a CLAP-text scorer, and we use the same procedure.

d) Music representations and preference data:
Music-audio encoders include text-audio contrastive models
(e.g., LAION-CLAP-Music [3]) and music-pretrained
self-supervised models (e.g., MERT-v1-330M [8]). Open
preference data for music has emerged across multiple
sources, including Music Arena [19], MusicPrefs [20],
AIME [21], and SongEval [22]. Our ranker pools all four
with a RankNet [7] pairwise logistic loss (Section III-C).
The backbone uses a pretrained BigVGAN vocoder [23] to
decode 1D-Mel VAE latents, and vocal residuals are removed
with Demucs [16].

e) AI-driven research workflows: The pattern of a
human-defined objective with an LLM agent iterating against
a programmatic evaluator has recently been formalized as
AI-Driven Research for Systems [17], with closely related
instances in FunSearch [24] (math) and AlphaEvolve [25] (al-
gorithms). Our human-agent loop borrows the same high-level
structure, with full disclosure in AI Workflow Disclosure.

III. PROPOSED METHOD

We describe the backbone, score-conditioning head, and
preference ranker in this section, the training pipeline in
Section III-D, and the inference procedure in Section III-E.
The deployed system trains as v1 (Stages 1–2) and switches to
v2 only at Stage 3 via cross-loading, justified in Section IV-B.
Fig. 1 summarizes the pipeline.

TABLE I
SCORE-CONDITIONING ARCHITECTURE COMPARISON ON THE

JAMENDO-100 VALIDATION SET (ONE GENERATION PER CLIP PER INPUT
SCORE). CLAP: CLAP-TEXT COSINE SIMILARITY. SCORE-r: PEARSON
CORRELATION BETWEEN INPUT s AND OUTPUT REWARD. ∆OUT : MEAN

OUTPUT REWARD AT s=+1.5 MINUS THAT AT s=−0.5 (HIGHER = MORE
STEERABLE). BEST PER COLUMN IN BOLD.

Variant FAD-CLAP ↓ CLAP ↑ Score-r ↑ ∆out

FluxAudio-S (baseline) 0.377 0.213 – –
GlobalAdaLN (v1) 0.352 0.242 0.442 0.942
InputAdd (v2) 0.337 0.249 0.524 0.779
AudioPrepend (v3) 0.339 0.245 0.439 0.825
PerBlock AdaLN (v4) 0.347 0.243 0.446 0.856
TextPrepend (v5) 0.348 0.244 0.439 0.757

A. Backbone

The generative backbone is FluxAudio-S, the 120M-
parameter Flux-style flow-matching transformer [9] provided
as the official challenge baseline [1]. It operates on 1D-Mel
variational autoencoder (VAE) latents at 44.1 kHz (∼10 s per
clip), with text conditioning via T5-Large [26] cross-attention
and pooled LAION-CLAP [3] features through adaptive layer
normalization (AdaLN). Audio is synthesized from latents by
a pretrained BigVGAN vocoder [23]. We adopt the uncon-
ditional FluxAudio-S checkpoint provided by the challenge
organizers and add only the score-conditioning head described
in Section III-B, with no other layers modified.

B. Score-Conditioning Head

The reward scalar s ∈ R enters as a second conditioning
input parallel to text. It is mapped to a 448-d embedding es
via Fourier features [10] and an MLP with a zero-initialized
final projection, so the generator at the start of training is
identical to the unconditional backbone. We compared five
injection strategies on the Jamendo-100 validation set (Ta-
ble I). InputAdd (v2), which broadcast-adds es to every audio
latent at the input projection (zi ← zi + es), leads on FAD-
CLAP, CLAP score, and input-score correlation. The deployed
model uses InputAdd (v2) at inference with weights warm-
started from a GlobalAdaLN (v1) chain. v1 and v2 share
an identical parameter graph and differ only in the forward
roles of the score-related weights (Section IV-B). The score
is null-dropped (∅s=0) with probability 0.1 during training,
mirroring text CFG.

C. Pairwise Preference Ranker

Our preference ranker, TuneJury [6], is a twin pair-
wise model that maps any audio clip plus an optional
text prompt to a single quality scalar. Each branch takes
a 2048-d concatenation of LAION-CLAP-Music [3] au-
dio (512), MERT-v1-330M [8] audio (1024), and LAION-
CLAP-Music text (512). LAION-CLAP-Music supplies a
caption-aligned semantic representation while MERT covers
pitch, harmony, rhythm, and timbre that text-aligned en-
coders under-represent. The pairwise (rather than pointwise-
regression) formulation matches the supervision: each of



Stage 1: Score-cond. SFT
forward: GlobalAdaLN (v1)
from scratch, 200K iters

Stage 2: Expert iteration
forward: GlobalAdaLN (v1)
30K mix + 5K top-decile

Stage 3: CRPO/DPO tune
forward: InputAdd (v2)
5K iters, DPO-style loss

Inference
joint CFG (w=4, s=5)

3×mdx + LUFS

TuneJury
preference ranker (§III-C)

CLAP-text scorer
per-clip score score + CLAP-text filter winner/loser pairs

Fig. 1. End-to-end system pipeline. Box color marks the score-conditioning forward in use: orange for GlobalAdaLN (v1) (Stages 1 and 2), blue for
InputAdd (v2) (Stage 3), and green for the deployed Inference endpoint (inherits v2 from Stage 3). GlobalAdaLN modulates the AdaLN parameters of every
transformer block, and InputAdd broadcast-adds the reward embedding to every audio latent at the input projection only. Stages 1 and 2 train in the v1
forward because v1 converged more stably in pilots, and Stage 3 cross-loads the v1 weights into the v2 forward (parameter graphs are identical) and runs
CRPO/DPO. The TuneJury score (gray dashed) is the training-time conditioning signal at Stage 1 and contributes to the top-decile filter at Stage 2, while the
CRPO winner/loser pairs at Stage 3 are constructed from CLAP-text alignment (yellow dashed), following the standard CRPO procedure.

our four sources releases human votes as A-vs-B prefer-
ences, so the standard RankNet [7] pairwise logistic loss
L = − log σ(s(A)−s(B)) consumes the labels directly.
The score head is an MLP 2048→1024→512→256→128→1
with BatchNorm+ReLU+Dropout(0.5), trained on ∼22K
pairs (∼2K held out) pooled from Music Arena [19], Mu-
sicPrefs [20], AIME [21], and SongEval [22]. Held-out
pairwise accuracy is 70.3%, with expected calibration error
(ECE) 0.027. We use the ranker in two roles within the
pipeline: (a) as a per-clip quality score that we attach to every
training example and feed to the score-conditioning head, and
(b) as the filter (jointly with a CLAP-text similarity score) that
selects the top decile of self-generated samples for the expert-
iteration fine-tune (Section III-D). The CRPO preference-
tuning pass constructs its winner/loser pairs by CLAP-text
alignment alone, following the standard CRPO procedure. Full
design-space ablations are in the released repository [6].

D. Training Pipeline

The four training-time decisions of Section I are imple-
mented as a three-stage chain: Stage 1 trains the score-
conditioned backbone (operationalizing decisions (i) and (ii)),
Stage 2 runs (iii) expert iteration, and Stage 3 runs (iv) CRPO.
All three stages train on the same instrumental subset of MTG-
Jamendo (vocals removed via Demucs), and only the data
weighting and the loss change between stages.

a) Data: We start from the challenge-provided
jamendo_qwen.json captions over the ∼55K-track MTG-
Jamendo dataset [4], segment audio into 10 s clips (∼535K
clips), and apply Demucs [16] vocal separation to keep the
instrumental stem only. Three reward columns per clip are
computed with the ranker: reward_score (clip-level on
full audio), instrumental_reward_score (clip-level
on instrumental audio), and track_reward_score
(track-level mean). The submitted model uses
instrumental_reward_score as the conditioning
signal because mixed-audio scoring partly tracks vocal
presence. The generator learns to insert vocal-like artifacts to
inflate the reward, hurting FAD-CLAP against an instrumental
reference (FAD-CLAP 0.515 vs. 0.337 for two SFT runs
trained with full-mix reward and instrumental-stem reward,
respectively, under otherwise identical hyperparameters).

Train-split statistics for the instrumental reward score are
mean 0.62, std 0.59, p5=−0.45, p95=+1.46, max=+2.76.
Validation and test splits hold out 200 tracks each. The
original MTG-Jamendo tag vocabulary is not used directly:
tag-derived genre/instrument/mood words appear inside
the Qwen captions and reach the model only through the
natural-language path.

b) Stage 1 (Score-Conditioned SFT): Stage 1 trains a
score-conditioned backbone from scratch on the full 535K-
clip set in the GlobalAdaLN (v1) forward, the most stable
variant under our budget despite InputAdd (v2)’s slight edge
in Table I. v1 carries through Stage 2 and is cross-loaded into
v2 at Stage 3 (Section IV-B). Hyperparameters: AdamW, lr
10−4 (constant after a 1K-step warmup), effective batch 64,
bf16, score-null dropout 0.1, 200K updates (∼32 h on one
NVIDIA RTX A5000), with EMA at σrel∈{0.05, 0.1}.

c) Stage 2 (Expert Iteration): Stage 2 fine-tunes the SFT
checkpoint on a top-decile filter of its own outputs, in the spirit
of expert iteration [12], [13]. We sample ∼600 clips from the
SFT checkpoint at s=2.0, rank them by an equal-weight z-
score blend of ranker reward and CLAP-text similarity, and
keep the top 64 (reward mean +1.05, comparable to the upper
∼20% of the training distribution). The kept clips are then 5×-
oversampled into the ∼535K-clip mixture and the checkpoint
is fine-tuned for 30K steps at lr 10−5, followed by a brief
5K-step polish at lr 10−6 on only the 64 top-decile clips.

d) Stage 3 (CRPO Preference-Tuning): Stage 3 switches
to InputAdd (v2) and warm-starts backbone+score_embed
from the v1 expert-iteration checkpoint via shape-matched
partial loading that transfers all 203 keys (Section IV-B). It
then runs CRPO [14] on 2,000 preference pairs: we score
generated samples by CLAP-text alignment under each prompt
and pair each high-CLAP sample with a low-CLAP sample
under the same prompt. The DPO [15]-style loss is

LCRPO = − log σ
(
β
(
∆π

win −∆π
lose

))
+ λFM Lwin

FM (1)

with ∆π
x = log[π(x)/πref(x)], β=2000 (the large β matches

TangoFlux’s CRPO scaling for flow-matching log-likelihood
ratios, which are larger in magnitude than language-model
token log-probs), λFM=1.0, lr 10−6, 5K updates. The flow-
matching auxiliary Lwin

FM regularizes toward the warm-started
reference. The resulting checkpoint is the submitted model.



e) Total compute: The full pipeline (SFT + expert-
iteration + CRPO + ranker training) fits in approximately
40 GPU-hours on a single NVIDIA RTX A5000.

E. Inference Procedure

a) Joint classifier-free guidance: At inference, we apply
classifier-free guidance [11] jointly on text and reward. Writing
∅t for the text-null and ∅s=0 for the score-null, the velocity
update is

ṽ = v(xt, t,∅t,∅s)+w
[
v(xt, t, c, s)−v(xt, t,∅t,∅s)

]
, (2)

where the same scalar w lifts text and score conditioning
jointly relative to the doubly-unconditional baseline. We hold
w fixed at 4.0 and the score scalar fixed at s=5.0, both selected
on the SDD-100 validation set. We use a single fixed value
at inference, not a sweep, consistent with the scope stated
in Section I. The chosen s=5.0 lies above the training-time
range of the reward score (max +2.76 on the train split,
Section III-D). A full analytical study of the score-response
curve under extrapolation is left to future work. Sampling
uses 25 Euler steps (linear schedule σi = 1 − i/25), a seed
fixed per submission, and the prompt prefix “high quality
instrumental music, ”. End-to-end wall-clock is 0.5–
0.8 s per 10 s clip on a single NVIDIA RTX A5000.

b) Source separation and loudness normalization:
Two lightweight post-processing steps consistently improve
metrics on internal validation. First, we pass each gener-
ated wav through three sequential applications of Demucs’s
mdx_extra model and keep the residual “no-vocals” track.
Even with the “instrumental music” prefix, the score-
conditioned generator occasionally produces vocal-like resid-
uals that pollute FAD-CLAP against an instrumental refer-
ence, and the three-pass separator removes them. Second, we
loudness-normalize the result to −16.5LUFS via the ITU-R
BS.1770 [27] algorithm with a true-peak ceiling at −1 dB. The
LUFS target was selected on the validation set to minimize
FAD-CLAP averaged across prompts, and values in the range
−15 to −18LUFS perform similarly.

c) Submitted configurations: We submit two configura-
tions, Sub. 1 (seed 42) and Sub. 2 (seed 55), which share
backbone weights and the post-processing pipeline above and
differ only in the random seed used at inference.

IV. EXPERIMENTS

We report internal validation on SDD-100,
evaluated against the SDD-706 reference (both
introduced in Section I). FAD-CLAP and CLAP
score both use the LAION-CLAP-Music checkpoint
music_audioset_epoch_15_esc_90.14.pt on
10-second clips, matching the official objective-metric
protocol. FAD-CLAP is a distribution-level statistic (one
value per condition); CLAP score and Reward are per-
prompt and support paired-t tests. Throughout this section,
Reward denotes the mean output of our preference ranker
(Section III-C), and unless noted otherwise all rows use the
same single-value inference protocol (s=5.0, w=4.0, 25 Euler

TABLE II
CUMULATIVE ABLATION ALONG THE DEPLOYED CHAIN (N=100 SDD

PROMPTS). SUB. 2 IS THE SEED-55 SIBLING OF SUB. 1 (SAME CHAIN). † :
PAIRED-t IMPROVEMENT OVER THE PREVIOUS ROW (ONE-SIDED,

p<0.05). BEST PER COLUMN IN BOLD.

# Pipeline (cumulative) FAD-CLAP ↓ CLAP ↑ Reward ↑

0 FluxAudio-S (baseline) 0.5998 0.230 −0.392

1 Score-conditioned SFT (v1) 0.4681 0.262 +0.028
2 + Expert iteration 0.4319 0.290† +0.524†

3 + Cross-load to v2 forward 0.4272 0.283 +0.535
4 + CRPO (= Sub. 1, seed 42) 0.4238 0.285 +0.533

Sub. 2 (seed 55) 0.4370 0.300 +0.550

steps, prefix prompt, seed 42 unless stated, 3×mdx extra,
−16.5 LUFS). This SDD-706 protocol is distinct from the
architecture-selection protocol of Table I (Jamendo-100
reference, no post-processing), and absolute values across the
two are not directly comparable.1

A. Cumulative Stage Ablation

We anchor the chain at the unconditional FluxAudio-S
checkpoint provided by the challenge organizers (Row 0,
generated without score conditioning) and add each pipeline
step in order, measuring the marginal contribution against the
previous row (Table II). Only step 2 (expert iteration) reaches
paired-t significance on either CLAP score or Reward, while
steps 3 and 4 each leave the per-prompt distribution within
paired-t noise of the previous row, in agreement with the cross-
mechanism findings.

B. Cross-Mechanism Ablation

We treat the score-conditioning mechanism as a separable
knob from the trained weights and run an 8-cell factorial:
{SFT-only, Chain-end} × {v1 weights, v2 weights} × {v1
forward, v2 forward}, plus the two submitted configurations
(Table III). SFT-only is the post-Stage-1 checkpoint, Chain-
end is post-Stage-2 (before CRPO), and Hybrid (submitted) is
post-Stage-3 (CRPO over Chain-end v1→ v2). Cross-loading
uses state_dict.load(strict=False), and v1 and
v2 share an identical 203-key parameter graph.

C. Inference-Time Score Sensitivity

To check whether the inference-time score scalar does
visible work on the deployed Hybrid (Sub. 1) checkpoint, we
sweep s ∈ [0, 6] on the SFT-only and Hybrid checkpoints
(Fig. 2).

The two curves diverge sharply. On the SFT-only checkpoint
the score scalar moves Reward from +0.16 (at s=0) to +0.47
(at s=2) with Spearman ρ=1.0 across the training range
s ∈ [0, 2], confirming that score conditioning at training time
produced a backbone whose output reward tracks the input
scalar monotonically. On the submitted Hybrid checkpoint,
however, s is nearly inert: Reward already sits at +0.54 at
s=0, the entire s ∈ [0, 6] range varies Reward by less than

1Under the challenge’s hidden Jamendo reference set, our submission (e02)
scored FAD 0.498, CLAP 0.270, CCS 0.763 [1].



TABLE III
CROSS-MECHANISM ABLATION (N=100 SDD PROMPTS). ∗ MARKS

CELLS STATISTICALLY TIED WITH SUB. 1 ON THE PER-PROMPT MARGIN
(PAIRED-t, p ≥ 0.05); UNMARKED CELLS ARE SIGNIFICANTLY WORSE
THAN SUB. 1 ON THAT METRIC. BEST PER COLUMN IN BOLD. HYBRID

ROWS ARE SUB. 1 (SEED 42) AND ITS SEED-55 SIBLING SUB. 2.

Stage Weights → Forward FAD-CLAP ↓ CLAP ↑ Reward ↑

SFT only

v1 → v1 (native) 0.4681 0.262 +0.028
v1 → v2 (cross) 0.4456 0.265 +0.009
v2 → v1 (cross) 0.6846 0.202 −0.500
v2 → v2 (native) 0.4442 0.266 +0.282

Chain end

v1 → v1 (native) 0.4319 0.290∗ +0.524∗

v1 → v2 (cross) 0.4272 0.283∗ +0.535∗

v2 → v1 (cross) 0.6952 0.198 −0.518
v2 → v2 (CRPO) 0.4695 0.265 +0.244

Hybrid (submitted) v1 → v2 (Sub. 1, seed 42) 0.4238 0.285 +0.533
v1 → v2 (Sub. 2, seed 55) 0.4370 0.300 +0.550
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Fig. 2. Inference-time score sweep on 100 SDD prompts. SFT-only
(orange) tracks the reward monotonically within its training range: Spearman
ρ=1.0 on Reward across s ∈ [0, 2], with Reward rising from +0.16 to
+0.47, and past s=3 the curve bends and FAD-CLAP rises. Submitted (blue,
Hybrid Sub. 1 from Table III) is essentially flat in both metrics across the full
s ∈ [0, 6] range (Reward range 0.04, Pearson r≈0), i.e. the inference knob
has saturated. Dotted line marks the deployed value s=5.

0.05 and FAD-CLAP by less than 0.02 (Pearson r≈0 between
s and Reward), and the FAD-CLAP optimum at s=5 (0.4219)
is within seed-noise of the unconditioned s=0 pass (0.4269).
We hold s=5.0 in our submission because validation selected
it, not because the inference-time score is the lever moving the
model. The lever has been absorbed into the weights upstream
by expert iteration and CRPO, which leaves the inference
scalar with little remaining headroom.

D. Engineering Observations

We provide three takeaways from our development process.
a) Score conditioning matters at training time and is

saturated at inference: Score-conditioned variants improve
FAD-CLAP by 0.025–0.040 absolute over the unconditional
baseline at the SFT stage (Table I), but the deployed Hybrid
checkpoint shows a flat s response across s ∈ [0, 6] (Fig. 2,
blue). The score signal therefore does its real work during
training: the backbone absorbs reward into its weights, and

expert iteration and CRPO take up what little inference-time
steerable margin remained. The chain in effect trades the SFT-
only model’s working s knob for a higher absolute baseline,
with Sub. 1 at any s matching or exceeding the SFT-only peak.

b) Mechanism transfer is asymmetric: v1 → v2 is be-
nign, v2 → v1 collapses: Table III shows a sharp asym-
metry. Loading a v1-trained checkpoint into the v2 (In-
putAdd) forward stays within 0.02 FAD-CLAP of the v1-
native cell at both stages (Chain-end v1→v2 Reward +0.535
vs. v1-native +0.524). The reverse cross collapses to FAD-
CLAP ∼0.69 and Reward ∼−0.50. InputAdd is additive on
audio tokens, so unfamiliar score weights dampen rather than
distort. GlobalAdaLN modulates every layer, and a v2-trained
score_embed feeds the AdaLN with patterns far outside
the training distribution. This justifies our hybrid direction of
warm-starting a v2-architecture CRPO from a v1 backbone.

c) Expert iteration is the dominant chain contributor,
while CRPO adds noise-level gain at this scale: The biggest
delta in Table III comes from expert iteration on the v1
chain (SFT-only → Chain-end: FAD-CLAP −0.0362, CLAP
+0.028, Reward +0.496). The v2 chain regresses on the same
axis (0.4442 → 0.4695, Reward +0.282 → +0.244), as v2
expert iteration plus CRPO did not converge cleanly under
our budget. Adding 5K CRPO steps on top of the v1 chain
(Chain-end v1→ v2→ Sub. 1) shifts FAD-CLAP by −0.003,
CLAP by +0.002, and Reward by −0.002. Neither per-prompt
difference reaches paired-t significance at p<0.05.

V. CONCLUSION

We submitted a 40 GPU-hour entry to the ICME 2026
ATTM Grand Challenge efficiency track on the 120M-
parameter FluxAudio-S baseline, with TuneJury supplying a
learned human-preference reward used both as a training-time
conditioning signal and as a sample-selection criterion. Three
findings emerge from the per-stage ablation. (a) Training-
time reward conditioning is a functional steering axis (FAD-
CLAP 0.025–0.040 at SFT), but its effect is absorbed into the
weights by chain-end and the inference-time scalar saturates.
(b) Mechanism transfer is asymmetric: v1 GlobalAdaLN →
v2 InputAdd cross-loads benignly (and we deploy this hybrid),
while the reverse collapses. (c) Reward-filtered expert iteration
is the dominant chain contributor (−0.0362 FAD-CLAP on the
v1 chain), with the CRPO pass at noise-level gain. A full an-
alytical study of the score-response curve under extrapolation
and a cross-family replication on other backbones are left to
future work.

AI WORKFLOW DISCLOSURE

Building on the Workflow note in Section I, we record the
human-agent split for transparency.

a) Tool and task specification: Claude Code CLI with
Anthropic’s Claude Opus 4.6 [28] and 4.7 [29]. Tasks were is-
sued as small, conversational natural-language requests rather
than a formal specification, and the agent had no autonomous
evaluation budget against a fixed objective.



b) Direction (human, with agent assistance): The archi-
tectural, training-data, evaluation, and post-processing choices
reported in this paper (the five score-conditioning variants,
the v1 → v2 hybrid, top-decile expert iteration, the CRPO
pass, the instrumental-stem reward, the 3×mdx extra source
separation, the −16.5LUFS target, and the single-scale joint
CFG) were proposed by the human authors, who also ran
every training, generation, and evaluation job and validated
the results. The agent’s conceptual contribution was mainly
mapping author-described procedures onto existing literature
(e.g., recognizing the top-decile filter as expert iteration [12],
[13] and the preference-pair pass as CRPO [14]) and suggest-
ing baseline hyperparameters and small variants during review.

c) Implementation (agent): The agent wrote most of
the line-level code: score-conditioning heads, expert-iteration
sampling/filtering, CRPO loop, post-processing scripts, evalu-
ation harnesses, and the TikZ/pgfplots source for Fig. 1 and
Fig. 2. It also drafted and edited the manuscript, maintained
the bibliography, and tuned LaTeX layout. Figure layouts and
color choices were converged on iteratively rather than in a
single pass.

d) Supervision: The authors reviewed every commit,
accepted or revised every edit in the manuscript, and gated
all Overleaf master pushes. The agent did not run training or
evaluation jobs autonomously.
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