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Figure 1: Four diferent poses generated by our hand motion synthesis pipeline. 

Abstract 
Concerts and performances in virtual reality are becoming increas-
ingly popular. Accurately visualizing the detailed hand motions 
of musicians playing instruments is challenging. In this work, we 
present a real-time motion synthesis method that generates the de-
tailed fretting hand motion for playing guitar. Our approach frst in-
volves capturing and post-processing hand motion data from guitar 
performances to create a data set for training. The post-processing 
ensures that the fngertip positions are placed as accurately as pos-
sible regarding distance from the fretboard and location between 
the frets. We then train a neural network that learns to predict hand 
and fnger poses based on guitar tabs and previous poses. We found 
that our method produces reasonably stable motion and evaluate 
our results using accuracy measures and visual evaluation. 

CCS Concepts 
• Computing methodologies → Animation. 
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character animation, motion synthesis, virtual humans, hand mo-
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1 Introduction 
Accurately tracking and animating hands remains a challenging 
task, particularly for real-time applications, including virtual real-
ity (VR). Animating hands for playing instruments is particularly 
challenging, as the generated movement needs to be precise in 
both movement and timing. While methods have been suggested 
for capturing music performances [Jin et al. 2024; Perez-Carrillo 
et al. 2016] and synthesizing motion for playing virtual instruments 
[Chen et al. 2023; ElKoura and Singh 2003; Hirata et al. 2021; Kyri-
akou et al. 2024; Luo et al. 2024; Zakka et al. 2023; Zhu et al. 2013], 
there is a lack of research for synthesizing the motion for real-time, 
interactive scenarios. As VR has become an established platform 
for virtual performances [Onderdijk et al. 2023], the demand for 
high-quality, engaging concert viewing experiences is expected to 
grow. Hence, methods for generating realistic motion for interactive 
instrument playing should be investigated. 

We therefore present a method for real-time synthesis of fretting 
hand motions for playing the guitar (see Figure 1). This type of 
motion requires a very high level of detail, speed, and precision 
that cannot be captured by consumer VR devices. Even capturing 
these motions with a high-quality optical motion capture system 
optimized for hand motion capture is challenging. We therefore frst 
present a method to post-process motion captured guitar motions. 
Then, we created a data set of guitar playing motions, and we 
designed and trained a neural network using high-quality motion 
captured guitar performances to synthesize the full motion of the 
fretting hand for guitar playing. The model uses annotated guitar 
music, represented as sequences of note locations on the guitar, 
and previously generated motion to generate the hand pose at each 
frame at real-time inference speeds. We evaluated our fretting hand 
motion synthesis method by comparing the model output to ground 
truth motion captured data and by measuring the note playing 
accuracy on a dataset of musical scales. Potential applications range 
from live virtual music performances, such as VR concerts, to the 
production of music videos or flms featuring virtual characters 
playing instruments. In addition to enhancing experiences such 
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Figure 2: Parts of an electric guitar. 

as live virtual concerts, an interactive motion synthesis method 
for instrument playing can be used as a tool to generate real-time 
reference poses for music education [Skreinig et al. 2023]. 

Our key contributions are as follows: 
• We present a high quality hand motion dataset of left and 
right hand guitar playing motion. 
• We detail our motion processing and labeling pipeline for 
tasks involving fngertip goal positions. 
• We describe our algorithm for the real-time synthesis of 
hand animation with guitar tabs and previous pose outputs 
and evaluate our approach. 

In the next section, we briefy introduce basic terminology related 
to playing the guitar before presenting research related to our 
method. 

2 Guitar Terminology 
The two major parts of a guitar are the body, which serves as a 
resonating chamber for acoustic guitars, and the neck (see Figure 
2). There are typically six strings on a guitar, stretched between the 
bridge on the guitar body and the nut at the end of the neck such 
that they each produce a unique pitch. The neck is divided by a 
series of thin metal strips, called frets. When playing the guitar, one 
or multiple strings are plucked with one hand (the right hand in our 
examples), while the other presses the string(s) on the guitar neck 
with one or more fngers, which is called fretting. Pressing between 
frets changes the pitch, or note, of the string by efectively chang-
ing its length. Basic fretting hand technique for guitar involves 
minimizing the amount of movement of the wrist and fngers and 
generally using the fngertips to fret a note. When guitarists learn a 
piece of music, they commonly read guitar tablature, or tabs, which 
is written music specifcally notated for guitar. Tabs display six 
lines that are read from left to right, each representing a string 
(see Figure 3). Numbers indicate the frets to press. The lines the 
numbers appear on indicate the strings to pluck. 

3 Related Work 
Hand and fnger motions are crucial in our daily lives, for com-
munication, manipulation, and for performing everyday tasks, so 
it follows that enabling these capabilities for avatars and virtual 
humans is a signifcant goal towards making them lifelike and in-
teractive. Finger motions are subtle, yet we are adept at perceiving 
their motions to such a degree that minor diferences can alter the 

Figure 3: Tab showing one measure from a major scale shape. 
We refer to string numbers as 1 through 6 (top to bottom). 

interpretation of a scene [Jörg et al. 2010] or the perceived person-
ality of avatars [Adkins et al. 2023; Wang et al. 2016]. It seems that 
hand motions can even be used to identify individuals [Normoyle 
and Jörg 2025]. Although capturing detailed fnger motions is possi-
ble, there are many restrictions, such as a limited capture area and 
the need to capture additional motions for new situations [Wheat-
land et al. 2015]. Therefore, many methods have been developed 
for capturing hand motions [Han et al. 2018; Jörg et al. 2020; Lee 
et al. 2019; Wheatland et al. 2013] and synthesizing fnger motions 
for grasping and manipulation [Liu 2008; Rajeswaran et al. 2017] 
or conversations [Jörg et al. 2012; Mousas and Anagnostopoulos 
2017; Mousas et al. 2015; Naert et al. 2020]. 

However, only a relatively small body of work exists on synthe-
sizing detailed hand motion for virtual performances, specifcally 
instrument playing. Creating animations for playing instruments 
and guitar in particular comes with many challenges. There are 
requirements related to the precision and timing of the hand move-
ment. The fngers must contact the fretboard at a precise location 
within a small margin of error, and should not signifcantly intersect 
the fretboard nor each other. The motion of the hands must also 
have some temporal dependency such that the poses across mul-
tiple frames are smooth and natural. This is commonly addressed 
by other motion synthesis methods with sequence models, such as 
RNNs and TCNs. Though sequence models can learn temporal de-
pendencies, synthesizing fnger motion for guitar playing requires 
signifcant movement timing precision. For example, the fretting 
fngers cannot just briefy touch a goal fret within the timeframe of 
a note. Instead, they need to press the fret the moment before the 
note is to be played, and remain pressed until the moment before 
the note ends. The notes and chords in a melody can have difering 
lengths. This possible variation of note lengths needs to be sup-
ported by a model that has temporal dependencies. As there are a 
vast number of possible note sequences, and thus, a vast number 
of fretting hand movements, generalizability is a signifcant chal-
lenge for a supervised model with limited data. Finally, the motion 
synthesis must be responsive because we are targeting real-time 
interactive applications. 

Recognizing the limitations of previous work, which synthesized 
fnger motion ofine, Mousas and Anagnostopoulos [2017] devel-
oped a fnger motion synthesis method that can be employed in 
real-time scenarios. This was achieved by training a Hierarchical 
Hidden Markov Model (HMM) to estimate the current gesture state 
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and predict the following fnger motions. Lee et al. [2019] present 
a large motion-captured database consisting of conversational ges-
tures and demonstrate the use of recurrent neural networks (RNN’s) 
trained on the data to synthesize fnger motion in real-time. 

In addition to hand motion synthesis for communication, hand 
motion synthesis methods for scenarios where the virtual hand 
interacts with virtual objects is another prominent subject of re-
search, due to potential applications in both computer animation 
and robotics. Consequently, a number of techniques have been pro-
posed to automate the motion during such interactions. Physics 
based approaches have been explored for synthesizing grasping an-
imations, since the pose of the simulated hand can be altered based 
on physical properties of the virtual object [Borst and Indugula 
2006; Liu 2008; Pollard and Zordan 2005]. 

Yet, in VR, we often do not have tactile feedback while interacting 
with virtual objects, leading to limited interactions methods, such 
as pinch to grasp, and unrealistic interactions between the virtual 
hand and object. Hence, methods for animating the hands as they 
interact with virtual objects in real-time include methods based 
on physics, heuristics, or deep learning [Borst and Indugula 2006; 
Jiang et al. 2023; Prachyabrued and Borst 2012; Verschoor et al. 
2018; Zhang et al. 2021]. 

When it comes to synthesizing hand motions specifcally for 
musical instruments, ElKoura and Singh [2003] describe a system 
for synthesizing the left hand ("fretting" hand) motion for playing 
guitar with guitar tablature as input. They use an energy optimiza-
tion approach to generate a set of IK goals for each fnger on the 
fretboard, pose the left hand, then update the pose based on the 
most similar pose found in a database of captured hand poses (from 
major scale). Zhu et al. [2013] developed a system for animating 
both hands for piano playing. Similarly, they use a cost based ap-
proach to determining the placement of the fngers for each hand, 
and a motion database to help pose of fngers not used for playing. 

Recently, deep learning methods have been used for synthesiz-
ing the motion of instrument playing. Chen et al. [2023] used a 
generative adversarial network (GAN) trained on a database of 
reference motions to animate the upper body and hand motion of a 
character playing Guzheng. Violin hand and upper body animation 
based on audio input and bowing direction [Hirata et al. 2021] and 
audio input alone [Hirata et al. 2022] has also been attempted using 
sequence models and using a difusion-based framework to animate 
the whole body [Qiu et al. 2025]. Zakka et al. [2023] introduce piano 
playing as a benchmark for dexterous hand control, and compare 
multiple deep reinforcement learning (DRL) control algorithms for 
training robot hands to play pieces of piano music. Luo et al. [2024] 
also use reinforcement learning to train a robot to play guitar, with 
promising results in terms of playing accuracy. Finally, in recent 
work, Xu and Wang [2024] present a method to generate dexterous 
hand motions for a guitar player with a focus on synchronizing 
the left and right hands through cooperative learning. Their work 
includes a data set which, however, is not post-processed. Another 
very recent data set was presented by Kyriakou et al. [2025]. 

The research presented hereafter is towards addressing the spa-
tial and temporal challenges for synthesizing fretting hand anima-
tion in real-time settings, focusing on generating motion where 
playing notes using only the fngertips is desired. 

Figure 4: The motion capture setup. Small markers are placed 
on the musicians hands and around the guitar and are tracked 
with 15 OptiTrack cameras at 120 frames per second. 

4 Motion Data Collection and Processing 
Since there was no existing publicly available motion capture data 
for guitar playing when this work started, we collected a new data 
set to train our model. We will make the data set public so that it 
can be used by other researchers. 

In early tests of our algorithm, we realized that it was difcult to 
synthesize compelling results with a limited amount of data as one 
would expect. We therefore pre-processed our data set to make the 
fngertip positions hit the frets very precisely when it comes to the 
height of the fngertip and the location between the frets. 

4.1 Data Collection 
We used 15 Optitrack Prime optical motion capture cameras, placed 
around the guitar player at diferent heights optimized for capturing 
hand motions, and recorded the motions at 120fps. We used Opti-
Track’s Motive motion capture software for capturing raw marker 
data and rigidbody data. Nineteen markers were placed on each 
hand, three on each digit and four on the palm. The movement of 
the guitar was tracked as a rigidbody in Motive. There were 9 mark-
ers strategically placed on the guitar body to facilitate positioning 
the virtual guitar model in the virtual scene. The guitar sound was 
recorded using a Vox Tonelab ST, and videos of each session were 
also captured. Figure 4 demonstrates the motion capture setup. 

4.2 Data Preprocessing 
The hand motion data was tracked in real-time using the marker 
labeling algorithm by Han et al. [2018] and streamed to Unity, where 
a hand skeleton is constructed and animated based on the labeled 
markers. The hand motion fles and the guitar animation data were 
then synchronized in Maya. 

Because the motion capture sessions took place over several 
days, replacement of markers onto the hands was required, and 
therefore hand marker calibration had to be repeated each session. 
Hence, we retargeted all of the hand data to a common skeleton. 
The target hand skeleton is also simplifed from the source skeleton, 
with limited degrees of freedom of rotation for the PIP and DIP 
joints (shown in Figure 5). The retargeting was performed using IK 
for each fnger such that the fngertips of the target hand always 
reach where the source hand reaches. Further adjustments using 
pole vector constraints are done to correct any unnatural poses 
resulting from the IK solver. 
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Figure 5: Motion captured data is retargeted to a common 
hand skeleton. The MCP and wrist joints (orange) have three 
degrees of freedom (DOF) in rotation, whereas the PIP and 
DIP joints (purple) have one DOF. Our motion synthesis 
model predicts the wrist position and rotation as well as 
the rotation for the remaining color indicated joints. 

After synchronizing and retargeting the motion data, there were 
still inconsistencies in the height at which fngertips would contact 
the fretboard. These inconsistencies were the result of several fac-
tors, including noise in the capture process, slight alignment errors 
between the guitar markers and guitar model, and alignment errors 
between the hand and guitar motion. Therefore, we implemented 
a fnger motion modifcation pipeline that slightly adjusts the mo-
tion of the index, middle, ring, and pinky fngertips such that the 
height at which contact with the guitar occurs is consistent across 
all motions. Algorithm 1 detects when a fngertip is contacting 
the fretboard by using a combination of the fngertip velocity (ap-
proximated using central fnite diference) and the fngertip height 
above the fretboard, and enforces minimum contacting lengths and 
minimum times between consecutive contacts. The input to the 
algorithm is an array of the original 3D fngertip positions relative 
to the guitar fretboard for one fnger (� ), and the output is an array 
of adjusted fngertip positions (� ′) with contacting fngertip heights 
set to zero. 

For each fngertip (excluding the thumb) in a motion capture 
take, Algorithm 1 adjusts the height of the detected contacting 
fngertip positions, which is the 3D point of a fngertip position 
relative to the guitar fretboard at each frame. The algorithm sets 
the detected contacting fngertip height (Y) to zero and maintains it 
at zero until the end of the contact. A fngertip position qualifes as 
the start of a contact if its height is less than ������ , the previous � 
vertical velocities sum to less than zero, the mean of the previous 
� velocity magnitudes are greater than the overall mean fngertip 
velocity, and if it has been more than ������������ frames since 
the end of the previous contact. The conditions for ending a contact 
are that the fngertip height is higher than ���� , the sum of the 
previous � vertical velocities are greater than to zero, the mean 
of the previous � velocity magnitudes are greater than the overall 
mean velocity, and the fngertip has been contacting for at least 
���������� frames. The output of the algorithm can be refned with 
the following parameters: 

• � : a smoothing parameter, number of previous frames of the 
vertical component of fngertip velocities to average over 
when considering the start and end of a contact. 
• ���������� : the minimum number of frames of a detected 
contact in order for it to be valid. 
• ������������ : the minimum number of frames between the 
end of a detected contact and the start of a new contact. 
• ������ : height threshold to detect the start of a contact. 
• ���� : height threshold to detect the end of a contact. 

In our implementation, ������ = Med(� ) + � ∗ SD(� ), where 
� is tuned for each fnger in each take and � is an array of the 
y-values (fngertip heights) for the fngertip position for a take. We 
set ���� to Med(�������� ) + SD(�������� ), where �������� is the 
array of y-values of the pressing fngertip positions. 

Algorithm 1 Fingertip contact detection and height adjustment 
algorithm. List slicing follows the Python programming language 
convention: [����� : ����] refers to list items from index ����� 
through index ���� − 1 and [:] refers to all list items. 
Require: List of fngertip positions � of length � ⊲ Positions are 

3D vectors (� = 0, � = 1, � = 2) 
′Ensure: List of adjusted fngertip positions � of length � 

� [:] [1] ← Smooth(� [:] [1]) ⊲ Smoothing of fngertip height (y) 
���� ← GetVelocity(� [:]) ⊲ List of fngertip velocities 
� [:] [1] −= Min(� [:] [1]) ⊲ Subtract minimum height from all 
heights 
�� ← Mean( | |���� [:] | |) ⊲ Mean of the vector norms in ���� 
′ ′ � ← � ⊲ Copy � to � 

�� ← 0 ⊲ Index of last pressed frame 
for � = 0 to Length(� ) − 1 do 

if � [�] [1] < ������ and Sum(���� [� − � : �] [1]) < 0 and 
Mean(���� [� − � : �]) > �� and � − �� > ������������ then 

� ← [� [�]] ⊲ Start a list of adjusted positions with � [�]
for � = � + 1 to Length(� ) − 1 do 

if � [ �] [1] > ���� and Sum(���� [ � − � : �] [1] > 0 
and Mean(���� [ � − � : �]) > �� then 

� .������ (� [ �]) ⊲ Add � [ �] to end of � 
� [:] [1] ← 0 
i = j-1 
break 

end if 
end for 
if CountZeros(� [:] [1]) ≥ ���������� then 

� ′ [� : � + Length(�)] ← � 
end if 

end if 
end for 

′Return � 

In a second step, we adjust the contact positions so that they lie 
centered on the nearest fretboard position, following Algorithm 
2. After all adjustments to the fngertip positions are performed, 
the fngertip positions are smoothed using Savitsky-Golay fltering 
with a window size of 5 and a 1 degree polynomial and 1cm is added 
to the fngertip heights to make sure they lie on top of the fretboard 
and not inside while contacting. The resulting adjusted fngertip 



Real-time Hand Motion Synthesis for Playing a Virtual Guitar MIG ’25, December 03–05, 2025, Zurich, Switzerland 

positions are then used as IK goals for each fnger, and the resulting 
fnger joint rotations are used for training. 

Algorithm 2 Fingertip contacting position adjustment algorithm. 
List slicing follows the Python programming language convention: 
[����� : ����] refers to list items from index ����� through index 
���� − 1 and [:] refers to all list items. 
Require: List of fngertip contact windows � ⊲ Each list element 

is a list of 3D fngertip positions 
′Ensure: New fngertip positions � 

Instantiate a list of new contacting positions � ′ 
for � = 0 to Length(�) − 1 do 

� ← Mean(� [�] [:] [0]) ⊲ Mean position along string axis 
� [�] [:] [0] ← � ⊲ Force same string for contact length 
FretPositions ← Quantized fret positions for all points in � [�]
�0 ← Mode(�������������) ⊲ Most frequent fret position 
�1 ← NearestFretboardPos(� [�] [� − 1]) ⊲ � is length of � [�]
InterpFrames ← 1 
if �0 ≠ �1 then 

InterpFrames ← # of frames from last instance of �0 to 
frst �1 

end if 
if �0 or �1 ∈ PreviousContacts then 

Increment fret of �0 and �1 by 1 ⊲ Avoid overlapping 
contacts with other fngers 

end if 
for � = 0 to Length(� [�]) − 1 do 

� ← �0 
if InterpFrames > 0 then 

� ← �/InterpFrames(� [�]) 
� ← � 0 + � ∗ (�1 − �0)

end if 
� ′ [�] [ �] ← (�� , 0, �� )

end for 
end for 
� ← 0 
for � = 0 to Length(� ′) − 1 do 

if � [�] [1] ≤ 0 and � < Length(� ′) then 
� [�] ← � ′ [ �] ⊲ Assign new contacting position � ′ [ �] to 

fngertip � [�]
� += 1 

end if 
end for 

′ � ′ [:] ← Smooth(� [:]) ⊲ Smooth the resulting new fngertip 
positions 

′Return � 

Finally, the data is labeled using the fngertip heights above the 
fretboard. If the fngertip height is less than a threshold � (set to 
0.05cm), a label is created using the nearest fret and string position 
on the guitar as well as which fngertip is contacting. The labels 
are created per fngertip. If multiple fngertips are contacting the 
fretboard on the same string, only the one pressing the highest fret 
is used for labeling. This rule is added because while playing guitar, 
a player can press multiple frets on the same string, however, only 
the highest fret on that string will sound. 

5 Model For Fretting Hand Motion Synthesis 

Table 1: The motion capture takes consisting of six keys of 
the major scale. The note length statistics (seconds) are based 
on the length of the detected contacts from the motion data. 

Take Name # Frames # Notes Mean/SD Note Length 
Ab Maj. 3656 368 0.166 / 0.12 
A Maj. 3941 336 0.195 / 0.115 
Bb Maj. 3954 341 0.193 / 0.124 
C Maj. 4001 345 0.193 / 0.117 
Db Maj. 3407 309 0.184 / 0.124 
D Maj. 3421 293 0.195 / 0.12 
F Maj. 3981 347 0.191 / 0.117 
Exercise 1a 5053 535 0.157 / 0.09 
Exercise 1b 5155 568 0.151 / 0.08 
Random 1 6962 703 0.165 / 0.139 
Random 2 1883 353 0.089 / 0.064 
Random 3 5227 683 0.128 / 0.092 
Exercise IR-MP 3615 328 0.184 / 0.12 
2 Chords 1195 160 0.124 / 0.167 

5.1 Dataset for Training 
A total of fourteen motion capture takes, shown in Table 1, are 
used: ten were used as the training set, two as the validation set, 
and two as the test set. The training set consists of performances of 
fve keys of the major scale (Ab maj., Bb maj., C maj., D maj., and 
F maj.), two structured motions (Exercise 1a and 1b) that use all 
four fretting fngers on every string (similar to the "spider exercise") 
up and down the fretboard, a randomly improvised performance 
of individual notes (Random 2), a take with common two-note 
chords shapes (2 Chords), and a take with combinations of index-
ring, middle-pinky movements (Exercise IR-MP). The validation 
set includes a performance of the A major scale (A maj.) and an 
improvised performance of random notes (Random 1), and the test 
set includes a performance of the Db major scale (Db Maj.) and 
another improvised performance of random notes (Random 3). The 
motion data was downsampled from 120fps to 60fps before being 
used for training and evaluation. 

The hand motion data was transformed before being used for 
training such that the movement of the guitar is negated. To do 
this, the wrist position is computed relative to the guitar for each 
frame: �−1 ∗ (������ −������� ), where ������ and ������� are the 

������ 
3D world locations of the wrist and guitar, and ������� is the world 
rotation of the guitar, represented as a quaternion. The MCP joint 
and fngertip joint locations are also converted to be relative to the 
guitar. The rotations (as quaternions) for the PIP and DIP joints are 
computed relative to their parent joint rotations. Before the motion 
is used as input to the model, the rotations are converted from 
quaternions to Euler angles in radians, which preserves network 
capacity by reducing the size of the inputs and outputs. 

To increase the number of motion samples used for training, 
dataset augmentation was performed. Two techniques were used 
for augmenting each take. One was random speed scaling (speed), 
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which altered the lengths of notes (and their corresponding motion) 
by a random factor. The same scaling factor was applied to groups 
of consecutive notes. For scaling factors less than 1, notes were 
grouped to have 3 to 8 notes (randomly determined), and for scaling 
factors greater than 1, they were grouped to have 8 to 30 notes. The 
scaling factor for each group of notes was randomly sampled from 
an evenly spaced set of 20 values between 0.1 (1/10th speed) and 2 
(2x speed). If the scaling factor was less than 1 (slower), the pose 
of the hand was linearly interpolated between frames to maintain 
the same framerate (60fps). If the scaling factor was more than 1 
(faster), the frames of the motion were subsampled. The second 
augmentation technique was clip reversal (reverse), which reversed 
the order of the notes and their corresponding motion for an entire 
take. Each augmentation technique was applied to each take in our 
dataset, resulting in 4 variations of each take (original, speed, reverse, 
speed+reverse). We included the augmented versions of the clips 
in the validation and test sets because the augmentations refect 
realistic variations in tempo and motion speed that are expected in 
real-world scenarios. 

The entire data set including augmentations totals 248,096 frames 
(about 68.9 minutes). The training set contained 160,006 frames 
(about 44.4 minutes), the validation set contained 47,815 frames 
(about 13.3 minutes), and the test set contained 40,275 frames (about 
11.2 minutes). Additional details about the dataset (without aug-
mentations) are shown in Table 1. 

5.2 Network Input and Output 
Our model uses the input sequence of future notes and previous 
wrist and fnger motion to predict the hand pose at each frame. 
There are two sets of features for training and prediction. The frst 
set of features are the "goal features", which consist of the fretboard 
positions of the notes from the following �� frames, specifcally 
from frame � through frame � + �� . The fretboard positions for a 
note or chord consists of the 2D positions of the fret (or frets for 
chords) on the guitar fretboard. There are six strings and up to six 
frets being pressed at once, so the fretboard position vector for one 
frame consists of 12 elements (2D position x 6 strings). If there are 
no frets being pressed on a string, the fretboard position for that 
string is a 12 element zero vector. With the currently used dataset, 
the goal feature vectors are often sparse, meaning most of the time 
the goal is to play a single note. 

The second set of features are based on the pose of the fretting 
hand ("pose features"). The wrist motion feature is the sequence of 
the preceding �� frames of 3D wrist positions and 3D orientations, 
relative to the guitar. The fnger motion feature is the sequence of 
the preceding �� frames of the local fnger joint orientations. The 
fnger joint orientation feature vector for one frame is 25 elements, 
corresponding to the sum of the degrees of freedom for each joint 
(see Figure 5). Since the fngertip positions are a function of both 
the wrist and fnger poses, we also include the fngertip positions 
from the preceding frame (� −1), relative to the guitar and excluding 
the thumb. All position features are in meters and all orientation 
features are in radians. Based on these features, the model predicts 
the wrist pose (position and orientation) and the fnger pose (orien-
tations) at frame � for the fretting hand. The resulting input sizes 
for each feature are: 

• �1 = �� ∗ 12: the �� length sequence of goal features, fat-
tened. 
• �2 = 12: the vector of the 3D fngertip positions for the index, 
middle, ring, and pinky. 
• �3 = (�� × 6): the �� length sequence of previous wrist 
positions and rotations. 
• �4 = (�� × 25): the �� length sequence of previous fnger 
joint rotations. 

5.3 Network Architecture 
Each set of features is frst transformed with fully-connected (FC) 
layers, with the goal and fngertip features further encoded with 
one more FC layer each. The wrist and fnger motion features are 
each independently encoded with a 3-layer RNN, then the fattened 
encoded sequences are transformed again with FC layers. The re-
sulting feature encodings are then concatenated and used as input 
to two residual dense blocks, which allow information to be carried 
from the input to the output [Zhang et al. 2021, 2018], and a fnal 
decoding FC layer, which outputs the predicted hand pose for the 
current frame. A diagram of the architecture is shown in Figure 6. 

The loss function for the base model is composed of four terms: 
the fnger rotation loss (�1), the wrist rotation loss (�2), the wrist 
position loss (�3), the inverse kinematics (IK) loss (�4), and the goal 
loss (�5). The fnger rotation loss and the wrist rotation loss are 
the Mean Squared Errors (MSE) between the predicted and ground 
truth fnger joint and wrist rotations (in radians). The wrist position 
loss is the MSE between the predicted wrist position and ground 
truth wrist position, in meters. Since playing the guitar requires 
precise fngertip placement on the guitar fretboard, using just these 
pose-based losses is likely to be insufcient. To help ensure that the 
resulting fretting fngertip positions (index, middle, ring, and pinky) 
factor into our model, we include the IK loss, similar to what was 
done by Lee et al. [2019]. To compute the IK loss, the frst step is 
solving for the predicted fretting fngertip locations relative to the 
guitar fretboard using the predicted wrist and fnger joint rotations. 
Likewise, the ground truth fretting fngertip locations are computed 
relative to the guitar fretboard. The IK loss is the MSE between 
the predicted fretting fngertip positions and ground truth fretting 
fngertip positions. The IK computation is only performed during 
training. Finally, a goal loss is included to help the model learn the 
relationship between the fretting fngertips and the goal positions. 
The goal loss is calculated by computing the absolute diferences 
between each fretting fngertip position and each fretboard goal 
position, then averaging the minimum fngertip distance to each 
valid (nonzero) goal position. Both the IK loss and goal loss are 
used to encourage the model to learn to press at least one fngertip 
on the goal fret (goal loss) while simultaneously encouraging it to 
learn which fngertip to use (IK loss). The full loss term is: L = 
�1 + �2 + �3 + �4 + �5. 

5.4 Training Details 
Previous work in synthesizing real-time hand motion in VR focused 
on predicting only the fnger poses during grasps since they use 
tracked wrist movement as input at inference ([Jiang et al. 2023; 
Zhang et al. 2021]). Our model, however, predicts the entire hand 
pose, including the wrist, meaning that all pose-based inputs are 
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Figure 6: The neural network architecture for the fretting hand. Each feature is encoded independently, then concatenated 
before being used as inputs to two residual dense blocks. The values in the parentheses indicate the input size (left side) and 
output size (right side) for each node. The input and output sizes for the RNNs are the same. Dropout is applied during training 
to the layers within the blue and orange outlines, with probabilities indicated in the legend. Dropout is applied within the RNN 
block to each layer except the output layer. The architecture for the Notes Only model is outlined in red. 

Table 2: The limits for the wrist position and rotation and the 
fnger (Thumb, I, M, R, P) joint rotations. The wrist position 
units are in meters and the joint rotations are in degrees. 

Value Lower / Upper Limit 
Wrist Position [-0.15, -0.15, -0.2] / [0, 0, 0.2] 
Wrist Rotation [-360, -360, -360] / [360, 360, 360] 
Thumb: MCP [-360, -360, -360] / [360, 360, 360] 
Thumb: PIP -360 / 360 (Y) 
Thumb: DIP -360 / 360 (Y) 
I, M, R, P: MCP [-30, -180, -44] / [19, 180, 89] 
I, M, R, P: PIP 0 / 98 (Z) 
I, M, R, P: DIP 0 / 79 (Z) 

from previous model predictions at inference. This could result in 
the model outputs drifting over time or regressing to the mean. 
Therefore, we use a variant of scheduled sampling [Bengio et al. 
2015] for training the model. Scheduled sampling allows the model 
to learn from previous motion features taken from both the ground 
truth and the previous model outputs. This is done by randomly 
sampling batches from either the ground truth or previous model 
outputs. The probability of sampling the a batch of ground truth 
previous poses is � and the probability of sampling a batch of pre-
vious model outputs 1 − � . The parameter � decays linearly after 
each epoch, with a minimum value of 0.05 enforced so the model 
can still sample ground truth batches. When evaluating the model 
on the validation set, the previous motion inputs are always from 
the previous model outputs, giving a more accurate evaluation of 
model performance on unseen data after each training iteration. 
The batches are not randomized since the order of the batches mat-
ters when training using the previous model outputs. The batches 
are created based on each motion capture take to avoid disconti-
nuities between model outputs between takes. While training, the 
gradients are clipped to a maximum value of 10 to stabilize training. 

Dropout regularization is used on each linear layer before concate-
nation and within the RNNs to avoid overftting the training set. 
See Figure 6 for details on where dropout is applied. All models 
were trained with the AdamW optimizer with a learning rate of 
0.0001, weight decay of 0.001, and a batch size of 512 samples. The 
parameters �� and �� are both set to 30. 

The predicted pose values are clamped to be within a valid range 
(see Table 2) enabling the model to focus on inputs that are within 
a valid range during training and prevent the output values from 
diverging excessively during inference. Importantly, while training, 
these values are only clamped after the loss is computed, meaning 
the loss value refects the true prediction error. 

The model trained for 500 epochs. Inference takes less than 0.01 
seconds per frame on a PC with an AMD Ryzen 7 5700X CPU and 
Nvidia RTX 3060 GPU, fast enough for the target 60 fps application. 
For inference, the initial hand pose is chosen by averaging the 
fretboard positions of the frst note or chord in the input tablature 
and retrieving the database pose with the nearest mean fretboard 
position. The initial pose is repeated for �� frames. 

5.5 Prediction Postprocessing 

Figure 7: A frame from the test set before IK adjustment (left) 
and after (right). The blue sphere indicates where a fngertip 
should press, and the red sphere shows where a fngertip is 
pressing. In this example, the middle fngertip is adjusted. 



MIG ’25, December 03–05, 2025, Zurich, Switzerland Ryan Canales and Sophie Jörg 

Figure 8: The loss curves for the training (train) and valida-
tion (dev) set for the model trained with scheduled sampling. 

To improve the frequency that the generated pose’s fngertips 
contact the fretboard goals, a rudimentary IK-based augmentation is 
performed as a real-time postprocessing step in Unity. In this phase, 
we update the predicted fnger poses by fnding the nearest fngertip 
to each goal at the current frame, then linearly interpolating the 
fngertip towards the goal over 5 frames. A fngertip is marked as 
assigned until either the predicted fngertip has moved further than 
a given threshold from the goal or once the goal has cleared. If a 
fngertip is assigned to a goal, the next nearest fngertip to that 
goal is assigned to it. When a fngertip is not assigned to a goal, 
it is linearly interpolated back to the predicted fngertip position 
over 5 frames. Unity’s two-bone IK constraint, set up with the MCP, 
PIP, and fngertip joints, is used to update the fnger joint rotations 
in order to reach the newly adjusted fngertip goal positions. An 
example of the prediction results before and after postprocessing 
is shown in Figure 7. While this simple adjustment method can 
make a fngertip reach a target more frequently, it might result in 
artifacts, such as part of the fnger clipping through the fretboard. 

6 Evaluation and Results 
We evaluate our model and our results by assessing if the notes are 
played accurately and by examining rendered examples. We also 
perform an ablation study on the model input features and compare 
the fretting accuracy after training with and without scheduled 
sampling. We consider our model with all inputs ("goal features" 
+ "pose features") and trained with scheduled sampling to be the 
baseline model (referred to as Baseline). 

6.1 Training Results 
Inspecting the loss curves in Figure 8, we observe that the model 
quickly adapts to the data, as indicated by the rapid decrease in 
the training loss within the frst 100 epochs. However, while the 
training loss continues to decrease steadily, the validation loss 
plateaus sooner and varies much more at each iteration than the 
training loss. The plateauing validation loss curve indicates that 
the training set may not be representative enough to generalize to 
the validation set in terms of pose-target position pairs. 

Figure 9: The mean �1 score per epoch for the training (train) 
and validation (dev) set for the model trained with scheduled 
sampling. The �1 score on the training set trends up over 
time. This trend is less apparent for the validation set. 

As expected, the average �1 score improves (described in Section 
6.2) as the model continues training. Although it increases slowly, 
the trend is clearly noticeable for the training set �1 score, as shown 
in Figure 9. However, while the validation set �1 score trends up, 
it is much more variable per epoch, and sometimes surpasses the 
training � 1. Inspecting the pose related loss terms (�1, �2, �3, and 
�4) during training on the validation set, it appears that the wrist 
rotation loss and fnger rotation loss are the most difcult to gener-
alize to unseen data. However, the goal loss (�5) on the validation 
set is very close to that of the training set. 

6.2 Note Playing Accuracy 
To quantify how precisely the synthesized motion plays the notes 
in a sequence, we calculate the fngertip contact precision, recall, 
and �1 score at every output frame in the output sequence and 
average them. The goal at each frame is the set of fretboard positions 
that should be pressed by a fngertip. A set of contacted fretboard 
positions is created based on the predicted pose at each frame. 
Similar to how notes were labeled, if there are multiple fngertip 
contacts on the same string, only the one associated with the highest 
fret number is used. If a fngertip is contacting the correct fret and 
string for a note, this is considered a true positive (� � ). On the 
other hand, when a fnger is touching a fret and string that do 
not correspond to the notes that are supposed to be played, it is 
considered a false positive (�� ). Likewise, if a fnger does not contact 
the corresponding fret and string for a note, it will be considered a 
false negative (� � ). If a fnger is not contacting a fret and string and 
there is no note to be played, it is a true negative (� � ). The precision 
is � = � �/(� � + ��), the recall is � = � �/(� � + �� ). The �1 score 
is the harmonic mean of the precision and recall 2 ∗ (� ∗ � )/(� + �). 

The models we selected for evaluation were the Baseline model 
and the Notes Only model (described later in Section 6.3). For both 
models, the checkpoint weights that resulted in the highest � 1 score 
were used for inference. Table 3 shows the mean �1, precision, and 
recall values for the generated motion resulting from the input set 
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Table 3: The mean �1, precision (�), and recall (�) scores 
for all takes in the test set for the Baseline and Notes Only 
models. The values in the columns labeled "Baseline" and 
"Notes Only" are computed directly from the model output 
(before IK adjustments). The columns labeled "Baseline IK" 
and "Notes Only IK" show the scores after IK adjustments 
are applied (described in Section 5.5). 

Baseline Baseline + IK Notes Only Notes Only + IK 
�1: 0.273 �1: 0.523 �1: 0.377 �1: 0.554 
� : 0.281 � : 0.524 � : 0.384 � : 0.562 
�: 0.277 �: 0.543 �: 0.381 �: 0.561 

Table 4: The �1, precision (�), and recall (�) values of the 
synthesized motion from tabs containing additional major 
scales at three tempos. These values are with IK adjustments. 

Scale Tempo Baseline �1, � , � Notes Only �1, � , � 
80BPM 0.532, 0.512, 0.572 0.579, 0.567, 0.603 
100BPM 0.525, 0.507, 0.563 0.569, 0.558, 0.59 
120BPM 0.501, 0.457, 0.534 0.570, 0.560, 0.591 

of notes from the test set both before and after IK adjustments. Our 
IK postprocessing method improves fretting performance, however, 
the values are still low compared to the ground truth. This is due 
to the IK solver being unable to reach the goals because the model 
positioned the hand too far away from them and also in part due to 
the limitations of our postprocessing step outlined in Section 5.5. 

Since measuring note playing accuracy does not require a ground 
truth comparison, we also tested the models on major scales not 
included in the training or validation set as inputs (E, G, B, Eb, Gb, 
Bb) with 648 eighth notes. We measured the performance on this 
dataset at 80, 100, and 120 beats per minute (BPM). The accuracy 
results are similar to the test set, indicating the models’ ability to 
handle sequences of notes at diferent tempos. Table 4 shows the 
note playing accuracy on this dataset. 

6.3 Ablation Study 
We performed an ablation study in order to understand the efect 
that the input features and scheduled sampling have on the fretting 
accuracy on the validation set. We trained a version of our model, 
referred to as Notes Only, that includes only the future notes (�� = 
30) as input (the "goal features") with no pose related features. 
This required removing the RNN nodes from the neural network 
architecture, since they only processed previous pose inputs (Figure 
6 outlines the Notes Only architecture variant) . The Notes Only 
model was trained with scheduled sampling. Interestingly, having 
only the goal features present resulted in higher F1, precision, and 
recall scores on the validation set than the Baseline model with 
all input features (see Table 5). However, our observation is that 
the resulting motion exhibits less pose diversity compared to our 
baseline model with all input features. 

We also trained our model with all features described in Section 
5.2 with and without scheduled sampling. We found that training 
with scheduled sampling (described in Section 5.4) resulted in a 

Table 5: The mean �1, precision (� ), and recall (�) scores for all 
takes in the validation set for the Notes Only model (trained 
with scheduled sampling (SS)), a model trained with all fea-
tures but without SS, and our baseline model. These results 
are without IK adjustments. 

Notes Only + SS All Features Baseline (All Features + SS) 
�1: 0.371 �1: 0.227 �1: 0.280 
� : 0.381 � : 0.235 � : 0.291 
�: 0.374 �: 0.227 �: 0.280 

higher F1 score on the validation set than when trained without 
scheduled sampling. The resulting F1, precision, and recall values 
are shown in Table 5. 

Figure 10: An example of the generated pose from the base-
line model (left), the pose after IK adjustment (center), and 
the ground truth pose (right). The blue sphere indicates 
where a fngertip should press, and the red sphere indicates 
where the fngertip is pressing. 

6.4 Motion Quality 
Example poses generated with our method are shown in Figure 10. 
Our supplementary video shows side-by-side examples of generated 
motion from the test set, the generated motion with IK adjustments, 
and the corresponding ground truth motion. Looking at example 
sequences, we can see that our method generates reasonable wrist 
motions with intricate fnger animations, reaching many of the 
required goals. Compared to the ground truth, however, one notices 
that the wrist sometimes moves too much and with slight jitter, 
which might be improved by adding an energy loss term. 

7 Discussion and Limitations 
Our results show a promising direction for synthesizing detailed, 
dexterous hand motion for guitar playing using only guitar tablature 
as input. The model learns to synthesize continuous wrist and fnger 
movement for an indefnite amount of time. Our testing shows 
that the model can handle synthesizing motion for long sequences 
with notes that vary in length. Despite not explicitly modeling the 
dynamics of the motion, such as acceleration and velocity, the model 
learned to moderate the magnitude of the speed and movement of 
the hand from the motion data alone. 

While our method can reasonably synthesize the motion of the 
fretting hand based on guitar tablature, the pipeline still relies on 
IK adjustment as a postprocessing step, and the output is limited to 
scale-like motions without complex chords or expressive fretting 
hand motions, such as bends and slides. Furthermore, our method 
was developed with an emphasis on fngertip placement, whereas 
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in real-life, other parts of the fngers can press against the fret-
board. Moreover, as a result of emphasizing fngertip placement, 
our method does not guarantee that other parts of the fnger will 
not press against the fretboard, which would afect the sound in 
real-life guitar performances. The fretting hand plays a signifcant 
role while playing guitar, and therefore we focused on synthesizing 
the movement of the fretting hand. However, a full guitar playing 
motion synthesis algorithm would include animating both hands. 

We evaluated our method via visual comparisons to ground 
truth motion and by measuring fngertip placement accuracy both 
before and after postprocessing, but further qualitative evaluation 
of the synthesized motion through a user study would be valuable. 
Likewise, further evaluation that assesses motion realism in terms 
of the believability of the fretting hand movement by guitarists 
would help determine the potential utility as an instructional tool. 
Finally, a larger problem that this research has not fully addressed 
is the task of learning from unstructured data. In order to achieve 
the results presented, structure was added to the data through 
preprocessing and labeling. 

8 Conclusion and Future Work 
Synthesizing detailed hand and fnger motion remains a signifcant 
challenge, especially for real-time applications, such as those de-
signed for virtual reality. With this research, we address some of the 
many challenges of synthesizing detailed and accurate hand and fn-
ger motion by focusing on the challenging, precision hand motion 
task of guitar playing. Animating hands for playing instruments 
is particularly challenging, as the generated movement needs to 
be precise in both movement and timing. Our method can reason-
ably generate fretting hand motion for individual notes and simple 
chords using guitar tablature as input. Potential applications of this 
genre of work range from live virtual music performances, such as 
VR concerts, to the production of music videos or flms featuring 
virtual characters playing instruments. In addition to enhancing 
experiences like live virtual concerts, a real-time motion synthesis 
method for instrument playing could be used as a tool to generate 
real-time reference poses for music education. Moreover, the scope 
of applications could extend beyond music to other applications 
requiring detailed hand animation for performing tasks with high 
levels of dexterity, speed, and precision. 

In future work, we wish to further improve our motion synthe-
sis results. Near term improvements might include enhancing the 
prediction post-processing pipeline and using the post-processed 
output as input for prediction while training and during inference. 
Our method might also beneft from training with more data, with a 
particular focus on motion diversity. Investigation into techniques 
that utilize motion capture but rely less on accurately labeled data 
could also be a promising avenue for future research. 
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