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ABSTRACT

Causal music accompaniment models suffer from rhyth-
mic drift, because generated errors are fed back as input to
the following steps and accumulate until the model cannot
infer its phase within the musical meter. Silent Metronome
shows that providing a temporal, periodic reference signal
that is separate from the input audio gives a streaming ac-
companiment model an explicit sense of time, more than
tripling the rhythmic alignment of its output with the in-
put audio. That signal comes from precomputed labels ex-
tracted from the dataset, which leaves open whether a live
system could infer it.

This demo closes the loop and extends the method into
the harmonic dimension with a chord chart conditioning
signal. A small model listens to the audio and predicts
the metric phase, a tracking stage denoises it and fol-
lows changes in tempo and meter, and the accompaniment
model receives this causally inferred signal, with a sec-
ond small model supplying the chords. Every half second
the generator proposes eight candidate continuations and a
learned scorer commits the one that fits best. Under a real-
time protocol in which every chunk is generated before its
audio has been heard, the system keeps 93 percent of the
beat alignment obtained with ground-truth labels, runs on
a single consumer GPU and exceeds the beat alignment of
the held-out ground-truth stems on Slakh2100. Upon lis-
tening, the output remains audibly worse than the ground
truth, so ongoing work targets bar-to-bar consistency and
phrasing. Our demo shows the system playing along live
with held-out songs, on drums, guitar, piano and bass.

1. INTRODUCTION

Silent Metronome (SiMe) [1] found that passing an explicit
metrical phase signal to a streaming accompaniment model
through a separate conditioning channel more than triples
its beat alignment under strictly causal settings, because
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Figure 1. The live system. Shaded blocks are neural net-
works and white blocks are regular computations. The pre-
dictors and the clock are light enough to run on the CPU.
The output chunk becomes the input of the next. Currently,
the available style control is a texture reference clip.

the signal is independent of the generated audio and cannot
drift. Extending the conditioning to a ground truth chord
chart also improves performance. However, those results
were obtained using precomputed ground truth labels as
the conditioning signal, leaving open whether the signal
can be causally predicted live from the input mix accu-
rately enough for the mechanism to survive. This demo
answers this question with a strictly causal, closed-loop
system (Figure 1). A beat predictor and a chord predic-
tor read the tokens of the causal audio codec, a dynamic
Bayesian network (DBN) tracker converts the noisy met-
rical phase prediction into a smooth tempo and phase tra-
jectory, the generator receives clock and chords exactly as
it received the oracle signals, and a learned scorer picks
the best of IV candidate chunks. Existing audio-domain
accompaniment systems [2—4] infer rhythm implicitly and
symbolic jamming agents [5,6] work on a fixed grid, so to



the best of our knowledge this is the first audio-domain ac-
companiment system that uses an explicitly tracked causal
clock.

2. SYSTEM

Generator. We keep the streaming prefix-decoder trans-
former of Wu et al. [2] exactly as in SiMe, scaled to 301 M
parameters. It operates on a causal Descript Audio Codec
(DAC) [7] at 50Hz in the delay pattern of MusicGen [8]
with zero look-ahead and a sliding ten-second context. Ev-
ery frame receives the SiMe vector (sine and cosine of
the beat and bar phase, as well as tempo and time sig-
nature), a chord label per half bar, and a texture refer-
ence, the CLAP embedding of a short clip of the desired
sound, all injected through per-frame adaptive layer nor-
malization [9]. The model is trained on Slakh2100 [10]
with ground truth labels in one-second chunks and gener-
ates half-second chunks at inference. After 120k steps it is
trained for another 80k steps on its own best-of-eight out-
puts, so that a single sample already sounds more like a
selected one.

Causal predictors. Both predictors are causal trans-
formers over the DAC codebook embeddings of the mix.
The beat predictor outputs per-frame estimates of the cur-
rent phase, tempo and meter, and the chord predictor out-
puts one of 24 major and minor triads or no-chord, plus
a key, per half bar, at a frame accuracy of 0.74. At the
start of a session the predictors listen for two seconds be-
fore the generator enters, which mirrors the count-in of a
human band.

The clock. Regression heads alone produce a noisy
signal with considerable jitter, which recreates the drift
dilemma. We decode it with a DBN [11] over meter, tempo
and phase, the tracker of Figure 1, which has no learned pa-
rameters and uses the observation model of madmom [12].
Forward filtering is causal, yields per-frame posteriors
whose circular means are exactly the SiMe channels, runs
at under one percent of real time on the CPU, and turns
corrections into short glides instead of jumps. On the cold-
start protocol of the SiMe paper it lifts the generator from
0.28 to 0.36 Beat-F, about half of the gap to the oracle la-
bels at 0.43.

Streaming best-of- N selection. At each chunk bound-
ary the generator samples N=8 candidate continuations
in a single batched forward pass. A small convolutional
scorer reads the codec tokens of each candidate, the mix
tokens heard so far and the fed clock and chart, and pre-
dicts the beat fit, coherence and realism that the metrics
below measure, with a value head for the chunks that fol-
low. It is trained on candidates harvested from the vali-
dation split and never sees the audio under the chunk it
scores. The best candidate is committed, so the output re-
mains one causal stream.

Real-time protocol. A live system has to start each
chunk early enough to finish before it must sound. We
therefore generate every chunk half a second before it
plays, with clock and chart extrapolated from the audio
heard so far and the scorer restricted to it. The whole

System Beat-F1T CoColLat FAD |
Oracle clock and chords 0.521 63.57 3.13
+ best-of-8 selection 0.781 64.79 2.76
Predicted clock and chords ~ 0.411 62.33 3.30
+ best-of-8 selection 0.726 63.57 2.86
Ground-truth stem 0.552 66.27 —

Table 1. Slakh2100 test split, 1,024 windows, one seed,
half-second chunks. Every chunk is generated half a sec-
ond before it plays, so it never hears the audio it accom-
panies. Oracle rows use annotated labels, predicted rows
infer them from the mix.

loop, codec, predictors, tracker, eight candidates, scoring
and decoding, takes 340 ms per half-second chunk on an
RTX 2080 Ti, and a desktop application plays along with
songs played back into it.

3. RESULTS

Table 1 follows the evaluation protocol of Wu ef al. [2] on
1,024 ten-second test windows of Slakh2100 with one stem
held out as the target. Beat-F [12] compares beats found
by Beat This! [13] on the accompaniment with those of the
input mix and scores a window without detectable beats
as zero, CoCoLa [14] measures both harmonic and per-
cussive coherence with the input, and FAD [15] measures
distributional audio quality. Retraining the same generator
without the clock removes most of its beat alignment, and
without the chart it loses harmonic coherence while its beat
alignment stays the same, so the clock carries the rhythm
and the chart the harmony. Selection adds 0.32 Beat-F and
improves FAD and CoCoLa at the same time. With se-
lection, the predicted labels keep 93 percent of the ora-
cle beat alignment and exceed that of the held-out ground-
truth stem. These numbers must be read next to the audio.
By ear the accompaniment follows the beat and the chords
but still sounds clearly worse than the real stem, with drum
patterns that change from bar to bar and harmonic parts
that follow the chart without phrasing, which none of the
metrics capture.

Demonstration. The video shows the live system play-
ing along with held-out songs in real time, first in a drums
session of almost two minutes that introduces the clock,
the chord chart and the candidate selection one by one be-
fore the drums come in, then on guitar, piano and bass.
SiMe [1] has a project page with code and audio examples.

4. ONGOING WORK

We plan to investigate why the output often plays at regu-
lar intervals locked to the predicted metric phase, which
is most noticeable for piano. We also want to give the
harmonic dimension more information by predicting more
than chords, and to improve the texture reference.



5. AI USAGE STATEMENT

Large language models (Anthropic Claude, used through
Claude Code) assisted with writing and debugging the ex-
periment code, orchestrating evaluation runs on the clus-
ter, producing the figures, the demonstration video and the
poster, and editing the text of this abstract. All design de-
cisions, training choices, listening evaluations and the final
text were made and verified by the authors.
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