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Abstract

Machine learning components in interactive music systems are often monolithic and opaque, offering
little room for controlled modification or artist-guided steering. We present BbLearn, an extension to
BbMuse, a blackboard-driven framework for real-time interactive music systems. BbLearn enables
modular integration of learned behavior while preserving explainability at system level. Its workflow
consists of three stages: (1) ’listen’ records data exchanged through BbMuse’s explicitly typed module
interfaces. (2) ’clone’ trains neural models to replicate hand-crafted modules via behavioral cloning;
explicit typing means data collection and deployment require no additional configuration. (3) ’sculpt’
then fine-tunes cloned models to evolve toward novel behavior using PPO against human-shaped
rewards, with the clone serving simultaneously as warm start and as an anchor bounding reward-
driven drift; the framework is designed to naturally extend toward reinforcement learning from human
feedback. BbLearn is not a single new system but a platform: any module in any BbMuse project can
be targeted for learned replacement. We present the design rationale, our open-source implementation,
and a proof-of-concept on a Jazz walking bass generator that demonstrates the warm-start benefit and

identifies multi-objective reward balancing as the central practical challenge.

1 INTRODUCTION

Recent advances in machine learning have produced im-
pressive generative music systems, but the dominant de-
signs are monolithic. They encapsulate compositional de-
cisions, stylistic conditioning, and output generation inside
a single large model whose internal behavior resists inspec-
tion, partial modification, or controlled steering. These
properties sit poorly with artist-guided workflows that de-
pend on transparent, targeted intervention, which is exactly
the kind of intervention that traditional, hand-engineered
interactive music systems have always supported. Briot
et al. (2020) identified several challenges for modern Al-
based music generation. Among them are explainability,
interactivity, adaptability, and control, which are direct con-
sequences of monolithic design: when the entire system is
one black box, there is nothing smaller than the whole to
explain.

Modular music systems, however, address these proper-
ties by construction. The blackboard-driven framework
BbMuse (BlackBoard MUSic Engine) (Ostermann, 2026)
decomposes musical decision-making into independent
modules that communicate through explicit, typed rep-
resentations on a shared workspace (the so-called black-
board), so that each module’s role is identifiable, its in-
terface is inspectable, and any module can in principle
be replaced without re-engineering the rest of the sys-
tem. However, such frameworks traditionally rely on
hand-crafted modules built with techniques like rule sets,
small-corpus-based Markov models, or heuristic decision
trees. Although nothing prevents an individual module
from internally using a neural network, there is currently no
principled, framework-supported way to introduce learned
components that respects the typing discipline, exploits the
data already flowing through the blackboard, and preserves
system-level transparency. Where learning appears in such
systems today, it is often designed ad hoc.

To close this gap, we present BbLearn as a dedicated ex-
tension to BbMuse. BbLearn treats the blackboard as a
seam: because every module’s input and output are already
explicit, typed, and observed, the framework can record
any module’s behavior, train a neural model to imitate it,
and replace the original hand-crafted module without ad-
ditional manual configuration. The proposed workflow
proceeds in three stages: listen, clone, and sculpt. (1)
Listening records the content of the typed representations
that a hand-crafted module reads and writes on the black-
board. (2) Cloning fits a neural model to those recordings
via behavioral cloning (BC), producing a drop-in replace-
ment that already speaks the right interface and reproduces
the original behavior in context. (3) Finally, we use the
metaphor of sculpting for step-wise fine-tuning the cloned
model away from imitation toward novel behavior. We
apply reinforcement learning (RL) against human-shaped
properties and musical constraints that can be formalized
(e.g., staying in key, voice-leading smoothness, or range
bounds) combined with human feedback that allows to
incorporate subjective aesthetic intent that normally resists
formalization. However, the latter is work in progress.
This work will focus on the conceptualization of marrying
RL and blackboard design. It further presents a proof-of-
concept study that demonstrates its usefulness in creating
highly original models.

It is important to note that BbLearn is not a single system
but a platform: existing BbMuse projects become candi-
dates for module-wise behavior replacement, while the
system around it remains modular, typed, and inspectable.
Explainability is preserved at system level through explic-
itly typed representations that are shared between opaque
and transparent modules.

To make the workflow concrete, consider a BbMuse project
containing a walking-bass module driven by a small set
of Jazz idiom rules: chord-tone targeting on strong beats,



predominantly stepwise motion in between, and a fixed
register. BbLearn can record this module’s decisions dur-
ing a live session, train a neural clone that reproduces them,
and then sculpt the clone to discourage unwanted artifacts,
say, excessive octave leaps, via RL, while a musician in-
teractively steers its overall stylistic direction toward, for
instance, denser chromaticism through human feedback.
This exact example will be applied to the proof-of-concept
study in Section 5.

The main contributions of this paper are:

* We identify a gap between monolithic learned systems
and modular hand-crafted ones, and propose module-
level learning as a bridge to preserve explainability at
system level.

* We describe the listen-clone-sculpt pipeline as a
generic methodology for introducing learned behavior
into typed, blackboard-driven systems, including the
use of the behavioral clone as both a warm start and an
explicit anchor during sculpting.

* We release an open-source implementation of our RL
extension to BbMuse, that was designed with a focus
on accessibility for the AI-music community.

* We demonstrate feasibility using a walking bass gen-
erator project as an example, showcasing the RL fea-
tures that are currently implemented in BbLearn.

BbLearn is released' alongside this paper as a PyPI package
(MIT license). It is bundled with bbmuse and depends on
PyTorch only. The walking bass generator example is also
publicly available (see Section 5) and offers an accessible
entry point for experimenting with BbLearn’s features and
pipeline stages.

2 BACKGROUND: BPMUSE

BbMuse (Ostermann, 2026) is a blackboard-driven Python
framework for real-time interactive music systems. The
blackboard metaphor, originally developed in classical Al
for expert systems (Erman et al., 1980; Nii, 1986), imag-
ines a group of specialists collaborating in a room whose
only shared medium is a wall-mounted blackboard: each
specialist watches the blackboard, contributes a partial re-
sult when its expertise applies, and the global solution
emerges incrementally from these local contributions. The
classical formulation has three components: the black-
board itself, a set of knowledge sources, and a controller
that decides which knowledge source to activate. BhoMuse
adopts a modern variant of this pattern, originally devel-
oped for real-time robotics in the context of soccer-playing
robots (Rofer et al., 2007), in which the opportunistic, state-
triggered activation of knowledge sources is replaced by
an explicit flow of data with deterministic, automatically
scheduled execution.

System state in BbMuse is partitioned into named repre-
sentations: typed, structured data objects that live on the
global blackboard. Modules take the role of knowledge
sources and declare, as part of their definition, which repre-
sentations they REQUIRE (read) and which they PROVIDE
(write). A third relation, USES, permits read access without
imposing an update dependency and is the mechanism by

"BbMuse and BbLearn are available at: https://github.
com/fabianostermann/bbmuse. The exact version described
in this paper is archived at: https://doi.org/10.5281/
zenodo.21633022.

which cycles in the module graph are avoided. The frame-
work enforces that each representation has exactly one
providing module. Together with USES for cycle-breaking
reads, this allow the module graph to become a directed
acyclic graph and admits a valid execution order via topo-
logical sorting (Kahn, 1962). This single design decision
of declarative REQUIRES/PROVIDES over typed represen-
tations is what BbLearn fundamentally relies on: every
value flowing in and out of a module is explicit, typed,
and observable, which means the data needed to learn a
replacement for a module is, in principle, already available.

BbMuse follows the inversion-of-control paradigm: mod-
ules and representations are plain Python files, loaded dy-
namically via importlib, and the framework drives them
by invoking hook functions: _init(), _update(bb),
_close () on modules. Their leading underscore marks
them as engine-called rather than user-called. BbLearn
adopts that pattern: rather than introducing a separate con-
figuration layer, it adds new optional hooks to represen-
tations and modules that let users declare how represen-
tations are encoded as tensors and override default loss
functions (details are given in Appendix A.3). As a result,
BbLearn extends BbMuse without modifying its core: a
BbMuse project remains a valid BbMuse project whether
or not BbLearn is installed, and the engine continues to
function as a standalone framework when no learning is
involved, even if BbLearn-specific hook functions are in
place (technical details in Appendix A.1).

3 RELATED WORK

Foundational work on blackboard architectures and on
multi-agent music systems is reviewed in the original
BbMuse paper (Ostermann, 2026), thus not repeated here.
This section focuses on prior work concerned with introduc-
ing learned components into music systems and controlling
them.

The closest algorithmic precedent for BbLearn’s sculpt
stage is the RL Tuner of Jaques et al. (2017), in which an
LSTM model for monophonic melodies trained by max-
imum likelihood is fine-tuned via deep Q-learning under
a reward that combines hand-written music-theory rules
with a KL-style anchor toward the original model. RL-
Duet (Jiang et al., 2020) applies variants of this pattern
to monolithic sequence models with model-based rewards.
MusicRL (Cideron et al., 2024) extends the thread to re-
inforcement learning from human feedback (RLHF), fine-
tuning a large pre-trained text-to-music model using RL on
rewards derived from large-scale human preference data,
following the broader RLHF paradigm of Christiano et al.
(2017) and InstructGPT (Ouyang et al., 2022). BbLearn’s
sculpt stage shares the basic pattern of these works (su-
pervised cloning, then fine-tune against rewards while an-
choring toward the imitated behavior) but inverts the scope.
Where these systems train one fixed-purpose model end-to-
end, BbLearn treats fine-tuning as a per-module operation
inside a larger modular runtime, uses the host BbMuse
project itself as the RL environment, and combines formal-
izable constraint rewards with preference-based rewards.
Our cloning stage that warm-starts fine-tuning builds on the
standard supervised-imitation paradigm originating with
ALVINN (Pomerleau, 1989) and formalized by Bain and
Sammut (1995).

For real-time musical applications, the Wekinator (Fiebrink
et al., 2009; Fiebrink and Cook, 2010) introduced interac-
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Figure 1: The three main stages of the BbLearn pipeline

tive machine learning as a means for performers to train
mappings from arbitrary input streams to control outputs by
demonstration, without writing code. BbLearn addresses
a different layer of the stack: Wekinator targets end-user
training of standalone input-to-control mappings, whereas
BbLearn targets developers extending the internal mod-
ules of a typed, blackboard-driven runtime with learned
components that integrate seamlessly with existing code.

ComfyUI (Comfy Org, 2026) popularized node-based com-
position of pre-trained generative components for image,
video, and audio workflows, but its modularity orchestrates
fixed models and does not support training new ones. Re-
cent LLM-based multi-agent systems for music composi-
tion (Deng et al., 2024; Xing et al., 2025) share the spirit of
decomposing musical decision-making across specialized
agents, but rely on natural-language messaging and frozen
pre-trained LLMs rather than typed representations and
trainable modules. To our knowledge, no existing frame-
work provides a principled pathway from a hand-crafted
module in a real-time interactive music system to a learned,
sculpted replacement that preserves the original module’s
interface.

4 THE PIPELINE

BbLearn organizes the path from a hand-crafted module to
a sculpted neural replacement as three sequential stages,
illustrated in Figure 1. Listen is passive: it records the
typed information flowing in and out of one or more target
modules, without altering system behavior. Clone trains
a neural model on those recordings to reproduce the tar-
get module’s input-output mapping via BC, producing a
drop-in replacement that already speaks the correct in-
terface and behaves indistinguishably from the original
within the contexts the recordings covered. Sculpt then
fine-tunes this clone away from imitation toward novel
behavior using proximal policy optimization (PPO) (Schul-
man et al., 2017), with the cloned model serving as warm
start and the original module serving as an explicit anchor
that bounds how far sculpting may drift. In a practical ap-
plication scenario, apply & restore complete the workflow
as a fourth deployment-oriented stage that can be used to
wrap a trained model as a native BbMuse module (details
in Appendix A.4). All stages share a single state machine
with a hidden working directory at the original project’s

root, so that recordings, model checkpoints, and meta-
data persist across sessions and remain associated with the
BbMuse project they were derived from (technical details
in Appendix A.2).

4.1 Listen

The listen stage produces the dataset on which subsequent
stages depend. Given an existing BbMuse project contain-
ing one or more hand-crafted modules whose behavior is
to be learned, this stage records each target module’s typed
inputs I and outputs O as the project runs normally, yield-
ing a temporally ordered episode of (input, output) pairs
suitable for supervised BC. The stage is deliberately pas-
sive: BbLearn does not modify the project, the blackboard,
or the execution order, and the recorded session is func-
tionally indistinguishable from an unrecorded one. This
non-invasiveness is essential because the data we want to
capture is precisely the data the project naturally produces.
Recording must not perturb what is recorded.

When a listening session is started on a set of requested
modules, BbLearn attaches a listener to each, runs the un-
derlying BbMuse project, and on completion writes one
episode per listener to disk. Subsequent listening sessions
append further episodes to the same per-module storage, so
that recordings from different musical contexts, different
human collaborators, or different runs of an improvisa-
tional piece accumulate naturally.

Each listener observes one module by intercepting its up-
date step. Immediately before the module executes, the
listener encodes the current values of the module’s required
(and used) representations as tensors. Immediately after,
it encodes the values of the module’s provided represen-
tations. Encoding relies on the _pack() hook attached
to every BbLearn-compatible representation, which is the
contract that makes typed blackboard values usable as
model inputs and targets (implementation details in Ap-
pendix A.3). The triple of pre-update inputs, post-update
outputs, and the implicit timestep index forms one frame
of the episode. Concatenating frames over the duration of
a session yields tensors of shape (T, -) per representation,
where 7" is the number of times the module was sched-
uled. Listeners enforce shape consistency across frames so
that episodes are immediately usable as training data with-
out further preprocessing, and the resulting per-module
episode files are the sole output of this stage and the sole
input to the next.

4.2 Clone

The clone stage consumes one or more episodes recorded
for a target module and produces a neural model that imi-
tates the module’s input-output behavior. The setup is clas-
sic BC (Pomerleau, 1989): the recorded module is treated
as an expert policy, each frame as a state-action pair, and a
parameterized model is fit by supervised regression onto
the recorded outputs. Two properties of BoMuse make this
stage essentially configuration-free: first, every required,
used, and provided representation already has a packed
tensor form, so no additional preprocessing is required be-
tween recording and training. Second, the target module’s
REQUIRES, USES, and PROVIDES declarations specify the
model’s I/O structure explicitly, so the cloned model can
be instantiated directly from the module’s interface. The
immediate result after cloning is a drop-in replacement that
reproduces the original module’s behavior in the contexts



the recording covered while exposing the exact same typed
interface as the original module before.

Let Z = R U U denote the set of input representations
of the target module as the union of its required and used
representations. Let O denote the set of provided (output)
representations. For each r € Z U O, write d,. for the
packed shape of r as fixed during the listen stage. The
clone fy then decomposes into three parts that mirror this
typed interface:

z, = E.(x,) € R foreachr € 7 D
h = B(concat{z, : r € Z}) € R% )
Vp = Hy(h) € R%» for each p € O 3)

One input encoder E, is instantiated per input represen-
tation r, one output head H,, per output representation p,
and a single backbone B is shared across all heads so that
cross-input correlations can be learned once. This per-
representation factorization at the input and output is what
makes the architecture configuration-free in the typical
case: the module’s interface declarations together with the
packed shapes from the recorded episode fully determine
the model’s I/O structure, while the backbone alone carries
free hyperparameters. The default backbone is a small
MLP suitable for simple stateless behaviors. Users can
integrate custom backbones using a specific backbone in-
terface contract. An analogous extension point for custom
encoders is planned (cf. Appendix A.3). Output heads pro-
duce raw logits without activation, deferring any nonlinear
transformation to the per-representation loss and to the cor-
responding _unpack () hook used at deployment, so that
classification, regression, and mixed targets can coexist
within a single clone without architectural special-casing
on the framework side.

Given a recorded episode of length 7', with tensors y,, *) for
each p € O indexed by timestep t, the cloning objective is

0 = 5y ().

where each per-representation loss £, is determined by
the providing representation itself: if the representation de-
fines a _loss () hook (formalized in Appendix A.3), that
hook supplies £,, along with any transformation needed to
align the head’s logits with the recorded target. Otherwise,
L, falls back to MSE (design rationale in Appendix A.3).
This factoring keeps the loss in step with the typed inter-
face. Each provided representation knows how it should
be compared, so heterogeneous outputs of a single mod-
ule compose cleanly under one objective. Optimization
itself is unremarkable: £B€ is minimized by gradient de-
scent over ¢ using standard supervised learning. When
T exceeds available memory, £B€ is approximated by its
empirical estimate over mini-batches of frames sampled
from the episode.

At the current state of development, we treat each frame in-
dependently rather than introducing sequence: this matches
the per-update semantics of the underlying BoMuse module
and keeps the clone a stateless function from blackboard
inputs to outputs. While RNNs are on the list of planned
features, a memory mechanism is naturally available by
requesting the last state of a self-provided representation
with USES, which is a common pattern also in hand-crafted
modules and can, if applied in the original module, even
be automatically exploited.

4.3 Sculpt

The sculpt stage fine-tunes the model produced in Sec-
tion 4.2 to move beyond imitation toward novel behavior
shaped by musical objectives that the original hand-crafted
module did not include. We frame this as an RL problem
in which the cloned model is treated as a stochastic policy
and trained against a reward signal expressing musical pref-
erence. The cloned weights serve a dual role: they are the
policy’s warm start (fine-tuning begins from a model that
produces sensible output in context) and an anchor toward
which the policy is explicitly regularized, bounding how
far reward-driven optimization is allowed to drift from imi-
tated behavior. Both roles matter because musical reward
landscapes tend to be sparse and heavily under-specified:
any tractable reward signal will leave most of action space
unconstrained, and without an anchor the policy is free to
exploit those gaps with degenerate but high-reward outputs
(Agarwal et al., 2019).

A defining property of the BbLearn sculpting process is that
the BbMuse project itself serves as the RL environment:
the same execution loop that drives a live performance
also drives policy training. This is realized by an active
listener, an extension of the passive listener of Section 4.1.
Similarly, it intercepts the target module’s update step via
monkey patching _update (bb) on the original module
and encodes the inputs via _pack (). Then it samples an
action from the current policy model and writes that ac-
tion back to the blackboard via _unpack(), the inverse
of _pack(). The original module is not removed during
sculpting. Its outputs are still produced and recorded, but
the policy’s sampled action overwrites them on the black-
board, so the rest of the system observes the policy. After
the action takes effect, a reward function _reward (bb) re-
turns a scalar evaluating the just-produced output. This de-
centralized, dense, per-step reward design follows the stan-
dard reward-shaping logic that domain knowledge yields
better gradient signal than sparse episodic feedback (Ng
et al., 1999), and is well matched to formalizable musi-
cal constraints (e.g., key adherence, voice leading, range,
rhythmic regularity), that can be encoded directly on the
representations they constrain.

The deterministic clone fjy is lifted to a stochastic policy
by treating each output head’s prediction as the mean of a
Gaussian with a learnable, state-independent log standard
deviation:

mo(a” | 5) = N'(a”; ug(s), exp(loga®)), p € O, (5)
where the state s is the module’s required and used rep-
resentations (Z from Section 4.2) at the current timestep,
5 (s) is the mean produced by the architecture of Sec-
tion 4.2 under current parameters, and one logo? pa-
rameter is added per provided representation. The per-
head distributions allow for closed-form sampling, log-
probabilities, and entropies. We treat each head’s action
as conditionally independent given s, so log-probabilities
decompose over p. For discrete output heads, we treat
the logits as a continuous space as a first approximation,
deferring proper categorical treatment to future work.

Optimization uses PPO (Schulman et al., 2017) with the
standard clipped surrogate, decomposed across heads. Let-
ting p?'(0) = mg(al | s¢)/mo,,(al | s¢) denote the per-
head importance ratio between current and rollout-time
parameters, the PPO loss is
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with the global advantage A;. Our current implementation
provides AY as the discounted return Y, -, v* ri ' k> With
r# the u-th user-defined reward emitted at timestep ¢. Stan-
dard PPO integrates a learned value baseline (critic) that
uses generalized advantage estimation (GAE) (Schulman
et al., 2016), which we decided not to include in the list of
BbLearn features yet, as it was recently shown to be less
important in RLHF contexts (Ahmadian et al., 2024). How-
ever, we applied z-score normalization to all the returns
r® across the episode timesteps (zero mean, unit variance)
before averaging to the global advantage A;.

Further, we make use of the average policy entropy

H(O) = | Hlmol- | 5] ], @)

peO

which we maximize to discourage premature collapse of
the policy onto a single deterministic mode.

Finally, we add a BC anchor that regularizes the pol-
icy mean toward the frozen clone ugo (8¢ are the net-
work parameters at the start of sculpt) using the same
per-representation losses that drove cloning,

LOCO) = Be | Y Lp(uh(se), b (s0))| . ®

peO

RLHEF practice often uses a KL penalty against a frozen ref-
erence policy (Christiano et al., 2017; Ouyang et al., 2022)
to the same end. We anchor on the per-representation loss
instead because it reuses the same loss defined for cloning.
With KL, we would need to commit to a distributional form
per head, which conflicts with the framework’s typed per-
representation contract, because the cloned content lives in
the means rather than in the variances of the constructed
Gaussian policy. However, a special procedure specific to
BbLearn is possible for the anchor loss: we can directly
anchor to the original module behavior, which is available
because we can observe its ground truth output during
PPO’s exploration phase with no additional effort. When
deciding to do so, the predicted output s (s;) becomes

the oracle output y;(f) from Equation (4), that may even

surface further unseen but wanted behavior not learned
by mg,, and, on top of that, also saves memory as well as
computational costs for sampling the old model.

Finally, the complete sculpt objective is
£seurtgy = £LPPO) — aH(0) + bLEC®H), (9

in which a,b > 0 trade exploration and imitation fidelity
against reward-driven adaptation. A study of the empirical
effects of the individual loss components is presented in
Section 5.

BbLearn currently sculpts one module per session. Multi-
agent RL across several simultaneously sculpted modules
is a natural extension and a major item on the project’s
roadmap. A second practical consideration concerns the

cost of trajectory collection. Because the sculpting environ-
ment is the BbMuse project itself, rollout speed is bounded
by the project’s execution speed, which varies considerably
across use cases. Purely symbolic projects can often be
run faster than real-time and parallelized across processes,
making data collection cheap. Projects driving external
MIDI devices suffer a bottleneck from needing one device
per process. And in BbLearn’s most interesting use case,
which clearly is interactive collaborative performance with
a human in the loop, the environment is real-time by defi-
nition, which puts a hard floor under sample efficiency and
sharpens the appeal of starting from an already-competent
clone.

5 PROOF OF CONCEPT

We evaluate BbLearn on a small BbMuse project that gen-
erates a Jazz walking bass.> A walking bass is one of the
foundational textures of mainstream Jazz: a monophonic
accompaniment in which the bassist plays one quarter note
per beat while moving through the harmony of a repeating
chord progression (Levine, 1995). The fixed rhythmic sur-
face removes timing from the modeling problem entirely.
What remains is rule-based pitch selection: outline each
chord, walk smoothly rather than leap, target chord roots
on downbeats, stay in range.

We study three hand-crafted bassist modules sharing the
same typed interface. They require ChordContext (cur-
rent and following chord), CurrentBeat (in 4/4 time sig-
nature), and NotesMemory (last played notes), and provide
the NextNote. First, a simple baseline (a) is a determinis-
tic one-liner that walks the chord shape directly. Second,
a sophisticated version (c) based on stochastic decision-
making with role-based pitch selection, stochastic chord-
tone choices, directional approach toward the next chord,
stochastic range selection, and repetition constraints. The
third version is fully deterministic (b) and is derived from
the stochastic one by pinning all stochastic decisions to
fixed outcomes, exercising the same rule structure without
the noise, and therefore sitting between the other two in
perceived quality and variety.

In a first experiment, we test whether the clone stage pro-
duces faithful imitations of the three target modules and
how cloning fidelity depends on (1) the behavioral com-
plexity of the target, (2) the difficulty of the chord pro-
gression presented to it, and (3) the presence of stochastic
decision-making. Figure 2 reports behavior accuracy (mea-
sured as fraction of timesteps where the cloned model’s
output matches the target module’s output) on four progres-
sions of contrasting harmonic character: a classic four-bar
Turnaround, a Minor Blues, the harmonically dense Giant
Steps, and a Randomizer that emits a uniformly random
chord at every new bar. We applied a basic set of manually
determined hyperparameters with no automated tuning: 10
epochs, learning rate 7 = 0.001, batches of size 256, dis-
count factor v = 0.99, and 5 runs for each configuration.

The left panels of Figure 2 confirm the hypotheses (1)
and (2) on the deterministic targets (a) and (b): cloning is
fast and reaches near-perfect accuracy within ten epochs
on the three musically meaningful progressions, with the

>The source code of the Walking Bass Generator is pro-
vided here: https://doi.org/10.5281/zenodo.21959400.
It makes a good starting point and test-bed for first steps with
BbLearn. An overview of the system’s construction can be found
in Appendix B, Figure 4.
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Figure 2: Accuracy during cloning (left) and sculpting
(right) against the target module on four chord progres-
sions increasing in difficulty. The dashed curves show runs
without pre-training. Curves show the mean with shading
indicating the min/max range.

simpler turnaround converging fastest, and Randomizer
learning more slowly because the uniformly random chord
stream provides no exploitable structure beyond the im-
mediate ChordContext. The stochastic target (c) tells a
different story: accuracy plateaus at 0.5-0.7 across all pro-
gressions and never approaches 1.0. This is expected and
not a failure of cloning: when the target module makes
irreducibly stochastic decisions at certain beat positions,
no point predictor can match it on those decisions, and the
plateau height reflects the proportion of decisions that are
deterministic given the inputs (e.g., approach note from
below with probability 0.6, above otherwise). Modeling
distributions rather than points (e.g. via mixture density
heads (Bishop, 1994)) would lift this ceiling. As stochastic
decision-making is a very common approach to automatic
composition (Xenakis, 1992), this highlights a key oppor-
tunity to extend BbLearn’s capabilities.

The right panels of Figure 2 address the warm-start ques-
tion directly: the dashed curves, which begin sculpting
from a freshly initialized network with no prior cloning,
eventually reach the same accuracy as the solid curves
starting from a cloned model, confirming that PPO-driven
sculpting works on its own, but the warm-started runs
converge to that accuracy substantially earlier on every

progression, demonstrating the operational value of the
cloned warm start.

A note on units: each update step in the sculpt panels com-
prises two seconds of BbMuse environment runtime, during
which trajectories are collected, followed by ten epochs of
cheap policy optimization on the collected samples. We
measure environment time in seconds rather than scheduler
steps, because when BbMuse’s group-based parallel execu-
tion feature is used, there is no global step counter (Oster-
mann, 2026), and because human-in-the-loop deployment,
which is BbLearn’s primary target, makes wall-clock the
operationally meaningful budget. Cloning, by contrast, is
lightning fast: a full ten-epoch run in the left panels of Fig-
ure 2 completes in under a second, whereas the 50 sculpt
updates in the right panels take 169 s. The asymmetry is
structural: cloning is supervised over a fixed buffer while
sculpting must collect rollouts in the live environment (we
ran at 200 000 bpm, which obviously is also not possible
for every scenario). That is the biggest argument for the
warm start: the clone delivers most of the basic imitation
competence at negligible cost, freeing the more expensive
sculpt stage for the constraint and preference objectives
that imitation alone cannot reach.

In a second experiment, we examine how human-shaped
rewards can influence a BC policy. We started using the
simple baseline version of the bassist and defined three
musical rules that are not fully aligned with its original
behavior: Rule (1) rewards when successive note pitches
are close using the variance of differences between succes-
sive notes; Rule (2) penalizes tone repetitions by counting
occurrence, and Rule (3) rewards notes with higher pitches.
(1) and (2) are intentionally constructed as slightly con-
tradictory, while (3) is not musically meaningful to the
original behavior (bassists play low), presenting an inten-
tionally adversarial test case. Figure 3 shows three distinct
optimization configurations: one with rewards only, a sec-
ond with BC anchor at b = 0.01, and a third with the same
BC anchor but also 10 epochs of pre-training using the
clone stage. We introduced an entropy bonus of a = 0.001
and performed 5 runs.

Rule (1) is fulfilled by all configurations. With pre-training,
the warm-start benefit can clearly be identified (green
curve). Rule (2) keeps the tone repetitions at a minimum.
Pre-training, however, breaks down at the start but recovers
over the course of the 200 updates. Rule (3) obviously
gets sacrificed when the BC anchor is enabled. While
the reward-only run easily exploits the reward, the BC
anchor to the original behavior, which always plays low,
hinders the fulfillment of this rule. However, a key point
of motivation is that this situation is fully observable and
therefore explainable, because we explicitly know the cur-
rent reward. To emphasize the rule’s target behavior we can
easily decide to either increase its reward weight or lower
the BC anchor coefficient b. Development plans include an
interactive feature for BbLearn, where the user can react
by inspecting and dynamically weighting coefficients and
reward functions via a specifically designed GUI.

This proof-of-concept evaluation shows that the major chal-
lenge of sculpting is to balance between the BC anchor
and the reward landscape. Each reward is valid on its own,
but combining them is not a trivial procedure. Instead, we
face all the challenges that multi-objective optimization
(Roijers et al., 2013) brings. Special attention on that topic
will be given in future work that targets thorough evalu-
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Figure 3: Rule-based returns and BC accuracy over PPO updates. Curves show the mean with shading indicating the

min/max range.

ation of applying different sculpting strategies to diverse
scenarios. To obtain our results, we had to stabilize the
gradient descent by applying the same z-score normaliza-
tion as for the discounted returns (cf. Section 4.3) to each
reward signal independently, before averaging them into a
combined reward.

The final open experiment is to integrate human feedback.
This would be straightforward on the one hand, as it is just
another reward function to add to the advantage calculation,
but on the other hand, it is much sparser than human-shaped
rules and will therefore surely benefit from a dedicated
reward model. Further, collecting human feedback will
need some (graphical) UI. Therefore, both are planned
features of BbLearn.

6 DISCUSSION

BbLearn’s contribution to explainability is best understood
as preserving it where prior modular systems already had
it, rather than adding new explainability machinery to the
learned components themselves. A learned module pro-
duced by clone or sculpt is internally as opaque as any neu-
ral network. What BbLearn preserves is the surrounding
scaffolding: the module still declares the same REQUIRES,
USES, and PROVIDES relations as the hand-crafted version
it replaced. Every value flowing into and out of it remains
a typed, named representation on the blackboard. The
role the module plays in the larger compositional flow is
unchanged. A user who could trace a faulty harmonic
decision back to a specific module before learning was
applied can do exactly the same trace afterward. This is a
meaningful but bounded claim: system-level explainability
is preserved even where component-level explainability is
lost. We believe it is the right claim for the kind of interac-
tive music systems BbMuse targets, where understanding
emerges from how decisions interact across modules at
least as much as from any single decision.

Even though introduced in the context of modular systems,
BbLearn and its sculpt mechanism need not be used only
inside complex multi-module systems. A small BbMuse
project consisting of a single trainable module bracketed by
simple input- and output-shaping modules (e.g., one that
converts the project’s intended inputs into a typed represen-
tation, and one that consumes the module’s typed output
and emits whatever external signal is desired) also gives
a useful warm start for highly original monolithic models.
A rule-based first version of the intended behavior can be
coded as the target module, the clone stage transfers it into

a neural model with the right interface, and the sculpt stage
then evolves it under constraint and preference rewards.
We did not foreground this use case in the rest of the paper
because we see its main contribution in larger systems, but
it is a natural side-door for projects whose primary goal is
shaping a single model rather than coordinating many.

Despite the fact that we have developed and validated
our listen-clone-sculpt approach in the domain of real-
time interactive music systems, neither the methodology
nor the implementation is restricted to music. BbMuse
is rooted in properties (typed representations on a shared
workspace, explicit REQUIRES/PROVIDES interfaces, auto-
matic dependency-driven scheduling) that it inherits from
real-time robotics and that apply equally to any domain
that benefits from modular real-time control. Visual gener-
ative art systems, game Al, procedural content generation,
or multimodal interactive installations are natural targets,
and a learned module replacing a hand-crafted one would,
in any of these settings, inherit the same system-level ex-
plainability that BbLearn preserves.

Several limitations bound the scope of this paper. The
evaluation is a feasibility study: the walking bass genera-
tor example shows that the pipeline runs end-to-end and
that the principal design decisions behave as intended, but
they do not establish quantitative claims about musical
quality, generalization across project types, or comparative
advantage at scale. We have not run a user study. This is
an important item of remaining work. Finally, sculpting
currently targets one module per session. Exploring multi-
agent learning methods for bringing multi-module BC and
RLHF to BbMuse projects also is exciting future work.

7 CONCLUSIONS

We have presented BbLearn, an extension to the
blackboard-driven framework BbMuse that turns any hand-
crafted module in any BbMuse project into a candidate
for learned, artist-steerable replacement. The listen-clone-
sculpt pipeline exploits the typed interface that BbMuse
already enforces: listening records a module’s typed inputs
and outputs without perturbing the system, cloning fits
a neural drop-in replacement via behavioral cloning, and
sculpting fine-tunes that clone away from imitation through
PPO with human-shaped rewards and a behavioral-cloning
anchor that bounds drift. A proof-of-concept on a walk-
ing bass generator demonstrates that all three stages work
end-to-end, that cloned warm starts substantially accelerate
sculpt convergence, and that the multi-objective balance



between BC anchor and reward landscape poses the central
challenge.

One major goal of the BbLearn project clearly is to make
it easier for artists to apply multi-agent RLHF to gener-
ative music. However, our framework at this point has
more advantages for experts, who can now more easily
develop complex neural-based music systems from scratch.
For intermediate programmers, however, surely a lot of
user-definition and manual code writing must be stream-
lined with predefined configurations to choose from or
even automatic action space and loss instantiation, which
is a reasonable goal for future improvement. Therefore,
we are now working on a platform-independent GUI edi-
tor for BbMuse based on NiceGUI, which will also have
features for GUI-started training runs, where the user is
guided through the BbLearn stages and loss components,
and scalarization weights in training sessions can be visu-
alized and interactively controlled.

BbLearn can also be used as a platform for exploring and
comparing RLHF methods and variants (similar to the
study in Section 5). We placed great emphasis on a clean
code base that allows us and others to extend BbLearn by
several interchangeable RL components in the future.
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A SYSTEM DESIGN AND IMPLEMENTATION
A.1 Architecture and project layout

BbLearn is implemented as an extension to the BPMuse engine without modifying it. The implementation follows a strict
dependency rule: code from BbLearn imports from the BbMuse core, but the reverse is fully avoided. As a consequence, the
BbMuse engine remains a standalone framework with no new dependencies introduced by BbLearn. Therefore, a project
developed without learning features has no dependencies on heavy deep learning packages such as PyTorch, and a project
deployed after the apply step of Section A.4 runs without BbLearn on the target machine, since the rewritten module loads
its model individually through PyTorch using BoMuse’s native blackboard interface.

To keep the user-facing extension uniform with BbMuse’s own conventions, BbLearn relies on the same concept of inverse
control via hook functions (framework-called functions whose names begin with a leading underscore) that BoMuse
adopted from the Godot game engine (Godot Engine Contributors, 2026). The hooks introduced by BbLearn (formalized in
Section A.3) attach to representations rather than modules.

A.2 State machine and the hidden working directory

BbLearn’s pipeline is operationalized as a state machine, with state persisted across sessions in a hidden working directory
.bblearn/ located at the root of a BbMuse project. The choice of a hidden directory under the project root is inspired
by .git/: the state is local to the project, easy to ignore in version control, and never intermixed with the project’s own
source. Within .bblearn/, artifacts are organized per target module and per session. Each module gets its own subtree
containing numbered episode files written by listening sessions, numbered clone runs (each with a checkpoint history and a
final model), and numbered sculpt runs of the same form. Subsequent invocations of any pipeline stage append rather than
overwrite, so multiple recordings, clones and policies can coexist for the same module and be selected for downstream
stages by an integer identifier. For user-friendliness, BbLearn also has a git-like status feature that summarizes information.

Once recordings or trained models exist for a module, the module’s REQUIRES, USES, and PROVIDES declarations and the
packed shapes of its representations should be treated as frozen for as long as those artifacts are intended to remain valid.
Cloned and sculpted models embed the I/O dimensionality of their target module structurally, so changing the signature
invalidates downstream stages. BbLearn detects shape mismatches when loading episodes or models and aborts. Users who
deliberately want to re-record under a changed signature can simply do so and begin a fresh numbered recording series
alongside the old, or can manually delete the .bblearn/ directory to reset the state machine.

A.3 The hook contract

User-facing extension of BbMuse for learning is concentrated in five hooks that attach to representation files: _pack(),
_unpack(), _loss(), _reward(), and _encoder (). Together they constitute the contract that bridges BbMuse’s typed
blackboard values with the machine learning world of tensors.

_pack() encodes a representation’s current state into a tensor of fixed shape, which is the form in which the representation
enters the recording buffers, the input encoders of a clone, and the rollout buffers of sculpting. The shape must be consistent
across all calls within a session. BbLearn captures it on the first call and asserts on subsequent calls. _pack() is required
on every representation that participates in a learned module, whether as input or as output.

_unpack (p) is the inverse: it accepts a tensor p of the same shape that _pack () produces and writes the corresponding
state back into the representation. It is required on every representation that is an output of a learned module, so that the
model’s predictions can be applied to the blackboard during sculpt rollouts (cf. Section 4.3) and during native execution
after the apply step (cf. Section A.4).

_loss(p, t) specifies the per-representation supervised loss used by cloning (Eq. (4)) and the BC anchor in sculpting
(Eq. (8)) for that representation. Output heads (Section 4.2) always emit raw logits with no nonlinearity applied. In
_loss (), the user may apply a transformation 7" (e.g., softmax, sigmoid, tanh, or some custom mapping) that is appropriate
for the representation, computing £(7'(p), x) internally. Usually, the exact same 7" should be applied inside _unpack(),
so that the representation produced at inference time matches the space in which the loss was computed. Currently, this
pairing is the user’s responsibility, and it is also where they retain full control over the output semantics of any learned
module, without the need of to tie the framework to assumptions about activation functions or output distributions.

The loss hook is optional. When not provided, BbLearn falls back to mean square error (MSE). For regression targets, it
works reasonably fine. For one-hot categorical targets, cross-entropy would of course be preferable, but it is unsafe to
apply by default since BbLearn cannot know whether a head’s output is intended to live in logit, probability, or some other
space. Streamlining loss selection for common representation types is on the roadmap, and may follow the example of
Stable-Baselines3 with its explicit Box and Discrete constructors. For now, the method of choice is a custom _loss ().
However, this design decision is likely to change with the next version of BbLearn.

_reward (bb) is used for the heuristic rule-based musical constraints that the user can design. Those rewards have the
benefit of being naturally denser than human feedback. Reward functions can be created in the default directory rewards/.
Any file ending on *.py will be dynamically loaded and the function _reward(bb) is run in the PPO data collection
process. To allow for comparisons of values on different representations, every reward function is provided a copy of the
blackboard bb. If multiple reward hooks are used, the framework will track them by name (filepath stem), so individual
inspection is possible.
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_encoder () is a feature for the near future worth mentioning to discuss the limitation of the default input encoder.
Currently, multi-dimensional inputs are flattened before feeding them into the shared backbone, which is adequate when a
BbMuse project only uses low-dimensional symbolic representations. However, structure is lost for representations such as
audio spectrograms or piano rolls where convolutional inductive bias (Wang and Wu, 2023) would help. The _encoder ()

hook will let users override the default flattening with a custom encoder module, mirroring at the per-input level what the
optional backbone path of Section 4.2 already provides for the shared trunk.

A4 Apply & Restore

The apply feature deploys a sculpted model back into the BboMuse project as a native module. BbLearn edits the target
module’s source file in place: the original hook bodies (_init, _update, and where present _close) are commented out
rather than deleted, and replacement hooks are inserted that import PyTorch, load the sculpted checkpoint into memory in
_init (), and perform a forward pass in _update (). Inputs to the model are obtained by calling _pack () on the module’s
required and used representations. Outputs are written back to the blackboard by calling _unpack () on each provided
representation. The result is a self-contained BbMuse module that runs the learned behavior natively, with no runtime
dependency on BbLearn. Therefore, the project remains executable even if BbLearn is not installed. The complementary
restore feature reverses this rewrite, uncommenting the original hooks and removing the inserted ones, so that the original
hand-crafted module can be reinstated at any time. Because both edits leave the file syntactically valid and target only the

hook region, apply and restore are also fast enough to be invoked at runtime, even allowing for hot-swapping between
original and learned versions during live sessions.
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Figure 4: The system architecture and dependency graph of the Walking bass generator BboMuse project.

The source code of the Walking bass generator BbMuse project is available here: https://doi.org/10.5281/zenodo.
21959400
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