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Figure 1: Musician playing with the jam_bot on a player piano. The MIDI foot switch is used to trigger the system

generation.

Abstract

Previous work introduced the jam_bot, a real-time system that
embeds live music language models capable of generating sym-
bolic music sequences coherent with a performer’s input. The
system supports multiple interaction strategies that have been
demonstrated in several public performances. However, these
strategies limit expressive musical conversation by constrain-
ing tempo, form, or musical roles. We extend the jam_bot to
support more expressive, open-ended interaction through four
key improvements: (1) modeling velocity, a key dimension of
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expression in symbolic music; (2) increasing model throughput
via a ggml implementation–required to accommodate the longer
sequences induced by velocity modeling; (3) developing a new
training modality that enables free-form call-and-response inter-
action across varying tempi; and (4) compensating for external
MIDI output latency to ensure rhythmic coherence with the
performer. We quantitatively evaluate the model throughput
improvement and our latency compensation strategy, and offer
generated MIDI samples online.1 Together, these enhancements
enable the jam_bot to engage in natural, expressive musical
conversation, eliminating key musical limitations to enable the
development of future performances and installations.
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1 Introduction

Artificial intelligence methods have a long history in musical
performance interfaces, ranging from early rule-based and sta-
tistical approaches to modern deep learning models. Early pio-
neering systems such as GenJam [4] used genetic algorithms to
evolve jazz solos in real time alongside human performers, while
Pachet’s Continuator [20] employed Markov models to learn a
musician’s style on the fly and generate stylistically coherent re-
sponses. More recent work has explored neural and latent-space
approaches for interactive improvisation [1, 11, 15]. However,
there has been little work exploiting the modeling capabilities
of music Language Models (LMs) for real-time uses [3, 9]. In pre-
vious work, we introduced the jam_bot, a novel system able to
generate sequences of symbolic music in real-time, in response
to the live MIDI input of a human performer [5]. The jam_bot is
one of the first systems to enable the use of large music LMs in
real time through an optimized inference architecture, and has
been featured in multiple performances. However, because of
its design and training data, it imposes constraints on the form
(e.g., trading sequences of four bars), tempo, or musical role that
a performer has to decide on during a performance. The original
jam_bot does not model velocity, and its note scheduling is sub-
ject to inherent MIDI output latencies, limiting its effectiveness
for expressive musical conversation. Collaborative improvisation
between humans is sometimes described as a “musical conversa-
tion” [2, 22] due to the similarity it shares with verbal interaction,
such as a shared vocabulary and a capability for both participants
to steer an improvised dialogue. The aforementioned limitations
of the jam_bot make it difficult for a natural musical conversa-
tion to take place by limiting the shared vocabulary and taking
control away from the human user. To enable this type of interac-
tion, we develop four key improvements that extend the abilities
of the jam_bot:

First, we model velocity, a key characteristic of expressive
symbolic music sequences. While expressive symbolic music
sequences containing velocity are modeled in early architectures
such as Performance RNN [23] and Music Transformers [14],
more recent architectures such as the GPT-2-based Anticipatory
Music Transformer (AMT) [25] sacrifice expression modeling to
focus on the pre-training of base models on a larger amount of
data. In this work, we combine the pretraining benefits of AMT
with the expressive capabilities of the original Music Transformer
work.

Second, since modeling velocity requires generating more to-
kens, we increase the throughput of the jam_bot’s underlying
music LMs. In the first iteration of this work, we use ONNX Run-
time to efficiently run ONNX model inferences in C++, allowing
the models to run faster than real-time (also defined as having
a “real-time factor” (RTF) greater than 1 [24]). In this iteration,
we use the ggml framework [13], another Machine Learning
framework, which exhibits great speedup benefits.

Third, we develop a new interaction strategy that enables
the human musician to perform with the jam_bot by creating
musical prompts of arbitrary length and tempo in a call-and-
responsemodality, facilitating the musical conversation by setting
clearer and more intuitive expectations. We do so by collecting
an expert dataset of MIDI sequences recorded on a piano with
annotated calls and responses, and use it to finetune an AMT
model.

Finally, we implement a way for the jam_bot to offset any
MIDI output latency by scheduling generated notes to be played

earlier, effectively enabling it to account for hardware- or network-
induced delays in a systematic way, removing the need for al-
ternative methods of combating latencies as proposed in other
interfaces [16]. This allows the jam_bot to better preserve rhyth-
mic coherency and create smoother transitions when interacting
with a human performer.

Together, we believe that these improvements can allow hu-
man performers and the jam_bot to engage in expressive musical
conversation, making it an optimal interface to interact with mu-
sic LMs in real time.

2 Methodology

2.1 Modelling Velocity

In the MIDI protocol, velocity refers to the volume at which a
note is played. A value between 0 and 127 captures the intensity
of the note and enables the modeling of expressive dynamics,
phrasing, and articulation. In order to effectively model veloc-
ity, the vocabulary of the model needs to be adapted to accom-
modate this new dimension. As with the previous iteration of
this work, we use the AMT models (in particular, the medium
model with around 400M parameters) as our pre-trained model
for MIDI sequence generation. AMT represents every note on/off
pair as a tuple of three tokens: an onset time t ∈ {0, ..., 9 999},
a duration d ∈ {0, ..., 999}, and a note n–which combines the
pitch p ∈ {0, ..., 127} with the instrument k ∈ {0, ..., 128} as
n = 128k + p. To add velocity information, we need to add a
velocity token v ∈ {0, ..., 127} to each note. We first considered
adding this token by merging the velocity information with an-
other token, similar to the note token–for example, defining a
duration-velocity hybrid token dv = 128d + v. The drawbacks
of this method are: the substantially increased vocabulary size
of 128 × 1, 000 tokens (introducing many randomly-initialized
embeddings that need to be learned), increased training time, and
decreased stability. Instead, we encode each note as a tuple of
four tokens: (t, d, n, v). While this method increases the vocabu-
lary by only 128, it reduces the number of notes from 341 to 256
that can fit within a 1, 024-token fixed context length. In order
to enable the anticipation mechanism of AMT, we further add
128 tokens for anticipated velocity. Finally, we resize the model’s
input embedding and output projection layers accordingly, and
randomly initialize the newly-added parameters before training.
To increase data diversity, we also perform data augmentation by
scaling individual note velocities by a random factor between 0.5
and 2.0 at a specified rate. Outside of these modifications, we train
the model in the same way as our original paper. In particular,
and as justified in the original paper, we ensure that the model is
allowed to overfit the training data to provide guarantees on the
style and structure of its outputs at performance time.

It is important to note that, by expanding the vocabulary of the
pre-trained model and changing its note representation, we risk
losing some of the benefits of the large pre-training on the Lakh
MIDI dataset [21]. However, previous work on transfer learning
in the domain of symbolic music [8] shows that further fine-
tuning on slightly different representations can effectively help
large pre-trained models learn new behaviors while keeping the
original pre-training benefits. We use these results and finetune
a medium AMT on a new dataset (described in 2.3) using this new
velocity representation.
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2.2 Increasing Model Throughput

In the original jam_bot, we used Microsoft’s ONNX Runtime to
run model inferences [18]. ONNX Runtime provides a portable
cross-platform runtime system: it supports various backends and
operating systems including NVIDIA CUDA and Linux. ONNX
Runtime automatically traces the compute graph of each model,
which reduces the implementation time and complexity. How-
ever, it has some disadvantages for our application: First, ONNX
Runtime has become a very large framework with many features.
This results in large supporting binaries and increased execu-
tion overhead. While ONNX Runtime provides binaries/shared
libraries for some platforms, building the framework for other
platforms (such as NVIDIA’s ARM-based DGX Spark GB10 plat-
form) takes a considerable amount of time and computation
power; building on a continuous integration runner can take
upwards of an hour. Additionally, ONNX Runtime does not well
support Apple macOS Metal acceleration. In practice, only the
ONNX Runtime CUDA backend can be used for the jam_bot.

To improve the model throughput and portability, we now use
the ggml framework [13]. ggml requires explicit implementation
of the compute graph, but it has additional optimization and
significantly reduced overhead. We compile ggml into our binary
packages as a set of shared libraries. ggml compiles an individual
shared library for each accelerated backend and CPU instruction
feature set. These shared libraries are dynamically loaded at
runtime. When the jam_bot application starts, ggml scores each
CPU backend option by supported features on the CPU and loads
the best one. In practice, our smallest models (170M parameters)
can run short generation segments with the ggml ggml CPU
backend and AMD AOCL BLAS optimization on an AMD Ryzen
9 7950X CPU. CPU backends do not perform as well on the
same processor with ONNX Runtime. Additionally, ggml supports
NVIDIA CUDA, Apple Metal, Vulkan, and AMD ROCm backends
(among others). The ggml implementation for Apple Metal allows
for the jam_bot to now perform on common Apple laptop and
desktop computers.

2.3 Call-and-response Training

A key consideration in designing live music models is their in-
teraction modality. In particular, when working with autoregres-
sive music LMs, we need to consider when the model will be
prompted, when it will be refreshed, and when it will respond to
the human agent. In previous work [5], we designed three inter-
action strategies to control when the model should be prompted:
(1) at regular time intervals, (2) at every musical gesture, and (3) on
request. These strategies all enable different kinds of interplay
with the jam_bot, allowing the human performer and the AI
agent to either take turns or to play at the same time.

Follow-up work [6] experimented with giving the ability for
the performer to control the start and end of musical gestures
through the use of a MIDI foot switch. This enabled a more fluid
musical conversation to take place between the performer and
the jam_bot, allowing the performer to have more agency on
the start and end of the system’s generations. An observation
that stemmed from this work was that the outputs of the system
tended to be highly stochastic and unpredictable due to multiple
factors described later. While this was sometimes seen by par-
ticipants as an opportunity for creative interplay, it was also a
limitation hindering the development of a natural musical conver-
sation due to the lack of control in the human-AI handoff and in
the musical roles, as well as a lack of choice in whether gestures

are followed or contrasted. In this iteration of the work, we aim
to make this interaction more predictable and controllable.

We hypothesize the lack of control in the modality to be due
to two main factors. First, the PiJAMA dataset [10], which the
model was fine-tuned on, is much more diverse than the custom
datasets we collected for the previous iteration of the project.
This makes it harder for the model to capture a specific style,
making independent generations more likely to significantly
differ. Second, the training of the model focuses on the task of
sequence continuation, which does not necessarily align well
with a performance context. When using the system, participants
naively expected the jam_bot to respond to their prompt in a
similar way that a human performer would.

To improve on these shortcomings, we devise a new model
finetuning strategy that explicitly allows the model to learn the
call-and-response task in away that feels natural for the performer.
We formally model the distribution:

𝑝 (𝑦𝑡 |𝑦1:𝑡−1, 𝑥1:𝑛)
where 𝑥1:𝑛 is a sequence of notes of length 𝑛 that represents

the performer’s input (“call”), and 𝑦1:𝑡 is a sequence of notes of
length 𝑡 that represents the model’s output (“response”). Using
the tokenization scheme from previous iterations of the jam_bot,
and introduced by AMT, we represent the call and the response
using two different MIDI instrument IDs (0 and 1, respectively).
This effectively dedicates slices of the model’s vocabulary (each
with 128 tokens) to represent the notes of either instrument,
enabling both musical roles to be modeled. We note that the
vocabulary for the time, duration, and velocity tokens overlaps
across both instruments.

The supervised finetuning of our model on this new task re-
quires the collection of a new dataset. Through our collaboration
with Jordan Rudess, we collect a dataset of around 3.5 hours of
solo piano, manually segmented between calls and responses. In
the dataset, Rudess presses on a MIDI foot switch (mapped to
continuous control 1) when recording calls and releases it when
recording subsequent responses. Figure 2 visualizes the structure
of the training data. The training data is also recorded without
any specified tempo, in order to avoid any future restriction when
performing with the system.

In contrast to our previous approach, we effectively enforce
the musical roles of calls and responses at training time instead
of expecting the musical roles to emerge at performance time.
Our approach is similar to the first step of the instruction tuning
realized in natural language models [19], in which an expert la-
beler demonstrates a desired output behavior by crafting answers
that are then used to fine-tune the model. In our case, Rudess
acts as the expert, choreographing the musical roles of call and
response at training time for the system to model effectively. At
inference time, or during a performance, Rudess can record a
musical prompt by pressing a foot switch, which stops the model
playback. When the foot switch is released, the prompt is passed
to the model and the playback restarts.

2.4 Latency Compensation

The jam_bot aims to generate future note sequences at a faster
rate than they need to be played in real-time (RTF > 1). This
creates an opportunity to mitigate the latency introduced by
other parts of the system by scheduling MIDI messages to be
played slightly earlier than their target time. In particular, this
allows us to offset latencies introduced by MIDI output devices
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Figure 2: The annotation process of the call and response model. The recorded MIDI file is segmented into two instruments

using the signal of Continuous Control 1, as recorded by a MIDI foot switch.

and network connections. Physically-actuated MIDI output de-
vices, such as a player piano, require a lead-in time to play each
note. When streaming MIDI data over the internet, the network
latency can be measured and compensated. Compensating for
MIDI output latency is especially important when the jam_bot
outputs varying velocities. If a MIDI output device adds distinct
latencies for each velocity, then the jam_bot’s intended rhythm
and note ordering may be misrepresented by the output instru-
ment. This misrepresentation is exemplified in the Evaluation
subsection 3.2.

We design two ways of offsetting the MIDI output latency of
the system: (1) globally and (2) individually based on pitch and
velocity. Global latency offsets are configured from a textbox in
the interface. We found the global MIDI latency value reported by
the DAW to be sufficient, though a more precise value could be
measured using an external recorder. Per-note and -pitch offsets
are loaded as a lookup table (LUT) from a comma-separated
value (CSV) file. This LUT is selected from a dropdown menu to
allow for simple switching of latency profiles for different output
devices.

To create the CSV file for a MIDI output device, we record and
measure the offsets using MIDI and audio. First, we prepare a
MIDI file containing each note of the instrument at increasing
velocity steps. Each note is played sequentially at an interval to
allow each note to near entirely decay. We play back this MIDI
file in a digital audio workstation (DAW) while simultaneously
recording the MIDI output device’s synthesis or actuation. Using
a Python script, the note onset times in the recorded audio are
analyzed by librosa and compared against the target note times
in the original MIDI file [17]. We additionally account for the
audio interface sample latency time reported by the DAW. For
physical instruments with distinct sound source locations for
each note, we record with multiple microphones, offset for the
physical distance between the microphones and notes, and use
the earliest onset reported by librosa across the microphone array.
We write the note, velocity, and millisecond offset times to a CSV
file. This method does not account for latency introduced by the
DAW or MIDI interfaces, but in practice, these specific latencies
did not contribute to a perceivable overall latency.

3 Evaluation

In order to evaluate our system, we focus on two areas for which
we could retrieve quantitative metrics: the throughput of our
model and the latency compensation. The velocity and call and
response modality can be evaluated by the reader by listening to
samples on the accompanying website.2

3.1 Evaluating Throughput

We evaluate the throughput of our model by measuring the num-
ber of tokens per second the model can generate during a perfor-
mance setting. We measure this by keeping a running average
of the number of tokens generated every second and waiting for
15 seconds before reporting the value. The number of tokens per
second decreases with time as the context window fills up and
plateaus once it is filled. We use a maximum context window
of 120 tokens for the model, corresponding to 40 notes without
velocity, and 30 notes with velocity. We also report the latency of
the model, defined as the time it takes for the model to generate a
single token, in milliseconds, which we calculate by multiplying
the inverse of the number of tokens per second by 1000.

We compare the performance difference between our previous
ONNX Runtime implementation and our new ggml implementa-
tion, and run the models using CPU (AMDRyzen 9 7950X), CUDA
GPU (NVIDIA RTX 4090), and Apple Metal (M3 Max MacBook
Pro) backends. We test the performance of a model finetuned
on a small pre-trained AMT model (with a parameter count
of 170M parameters) and another model finetuned on a medium
pre-trained AMT model (with a parameter count of 416M param-
eters). We report our results in Tables 1 and 2. We observe that
the use of ggml improves the model throughput by a factor of
2 for both model sizes when using CUDA. ggml also improves
model throughput when using CPU, to a lesser extent. We note
that ggml also allows us to run the models on Apple accelerated
AI hardware through an implementation of operators using the
Metal framework, opening the door for wider adoption of the
system.
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Figure 3: Beat alignment with and without latency compensation, as measured by themadmom 𝐹1 score

Table 1: 170M parameter model throughput

Framework Backend Latency (ms) ↓ Tokens/second ↑

ONNX CUDA 4.00 249.75
ggml CUDA 2.00 499.50

ggml Metal 10.13 98.76

ONNX CPU 54.83 18.24
ggml CPU 33.45 29.90

CUDA: NVIDIA RTX 4090; CPU: AMD Ryzen 9 7950X; Metal: M3
Max MacBook Pro

Table 2: 416M parameter model throughput

Framework Backend Latency (ms) ↓ Tokens/second ↑

ONNX CUDA 8.01 124.84
ggml CUDA 4.04 247.65

ggml Metal 26.17 38.21

ONNX CPU 118.55 8.44
ggml CPU 100.17 9.98

CUDA: NVIDIA RTX 4090; CPU: AMD Ryzen 9 7950X; Metal: M3
Max MacBook Pro

3.2 Evaluating Latency Compensation

To evaluate the benefits of our latency compensation method, we
use the first minute of a MIDI transcription of Beethoven’s Für
Elise and play it back on a player piano. To test different velocities,
we artificially modify the velocity of each note following a sine
wave with a period of 4 seconds, oscillating between values 20
and 70. We then play the MIDI file back on the player piano
using 4 strategies: (1) without any latency compensation; (2) by
using a fixed upper bound latency measurement; (3) by using the
average latency; and (4) by using an individual latency for each
note and velocity (as described in 2.4). We record the resulting
audio and compare it with an audio file of the synthesized MIDI

2https://jambot.media.mit.edu/nime2026

using a virtual piano. We estimate the beats for each file by using
the beat estimation model Beat This! [12] and by reporting the
𝐹1 score using madmom [7], measuring the alignment of the
audio recording to the reference synthesized audio. We measure
the beat alignment for 5 non-overlapping windows and report
the results in Figure 3. We observe an almost complete lack of
alignmentwhen not using latency compensation, with an 𝐹1 score
of 0.0678 across all 5 samples, while the per-note/per-velocity
latency compensation helps reach a median 𝐹1 score of 0.7834.
Using the fixed upper bound latency results in a median 𝐹1 score
of 0.3386, while using the average latency results in a median 𝐹1
score of 0.7638. The measured latency varies greatly across notes
and velocities, which explains why using the fixed upper bound
latency strongly impacts the alignment, while using an average
gives a close estimate of the actual latency.

4 Future Work

We aim to implement even more expressivity in our models, such
as sustain pedal, pitch bend, and other expressive controls. Mod-
eling these controls properly, however, requires precise tokeniza-
tion. In particular, expressive controls can have very different
densities than notes–pitch bend messages are much more dense,
while sustain is much less dense. This proves challenging since a
high density of controls can hinder the real-time performance of
the model, while a sparse control can be difficult to model due to
long dependencies extending outside of the context window.

Additionally, while we have already experimentedwith diverse
machine learning frameworks and optimization techniques, we
believe that there are more methods, such as model distillation
or more advanced quantization methods, that could continue to
improve the model throughput.

Finally, while using training data crafted by a single artist
improves the output coherence and provides strong performance
guarantees, it limits reuse by other performers and applications
to different styles. Making the jam_bot more generalizable will
require collecting more diverse data and developing fine-tuning
strategies that broaden stylistic range without sacrificing the
precise stylistic adherence that overfit models can provide.

https://jambot.media.mit.edu/nime2026
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5 Conclusion

In this work, we presented four improvements to the jam_bot
that remove some previous constraints that limited the musical
conversation capabilities of the system. In particular, we modeled
velocity as a way to improve the expressivity of the model, we im-
proved the model throughput by using the ggml framework, we
designed a call-and-response modality for a more controlled and
intuitive interaction, and we developed a method to offset MIDI
output latencies. Through these improvements, we enhanced
the capabilities of the jam_bot, making it an expressive, respon-
sive, powerful, and easily reproducible interface for real-time
interaction with music language models. We hope that this work
can inspire future applications, such as live performances and
installations.
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