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Abstract

Surface electromyography (sEMG) is a low-power, cost-effective biosignal for
hand-pose estimation and gesture classification. In this work, we examine whether
self-supervised pretraining on sEMG can yield transferable representations for
continuous hand-pose estimation. We introduce EMG-GPT, a causal transformer-
based model that operates on discrete sEMG representations from a frozen resid-
ual vector quantization (RVQ) tokenizer and learns temporal dynamics through
depth-autoregressive future-code prediction. The model combines within-frame
integration with causal temporal modeling while preserving the geometry of the
pretrained codebook. EMG-GPT shows competitive results in both Regression and
Tracking tasks, supporting EMG-only pretraining as a viable approach for learning
transferable sEMG representations.

1 Introduction

Hand pose estimation and gesture classification on wearable devices have attracted increasing interest
due to their potential in a wide range of applications, particularly in human–computer interaction
[Jarque-Bou et al., 2021]. Although camera-based approaches can achieve high accuracy [Pavlakos
et al., 2023, Potamias et al., 2025, Si et al., 2026], they are susceptible to occlusions, which can
compromise the stability and reliability of vision-based estimations and predictions. These limitations
have motivated the exploration of alternative sensing modalities [Tchantchane et al., 2023]. Surface
electromyography (sEMG) measures the electrical activity generated during muscle activation,
providing a wearable and non-invasive signal for estimating hand movements.

Unlike gesture classification, continuous pose estimation must recover an evolving articulated state.
Existing systems learn supervised mappings from sEMG to joint trajectories [Quivira et al., 2018,
Liu et al., 2021, Simpetru et al., 2022]. The emg2pose benchmark [Salter et al., 2024] supports
this task at unusual scale, with 370 hours of paired sEMG and motion capture from 193 participants
and generalization tests across users, sensor placements and activity stages. Such supervised results
establish task-specific decoding performance, but do not by themselves show whether unlabelled
EMG supports reusable predictive representations. We therefore study whether temporal pretraining
with EMG-derived targets can produce states that transfer to motor decoding without exposing the
representation learner to kinematic labels. Downstream evaluation then tests what these states retain
when pose-specific supervision is introduced.

Many biosignal pretraining approaches learn from masked or reconstructed signal segments [Yang
et al., 2023, Cui et al., 2024, Jiang et al., 2024] while autoregressive pretraining has also been
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explored for electroencephalography (EEG) [Yue et al., 2024]. NeuroRVQ [Barmpas et al., 2026]
provides a complementary discrete interface: it decomposes biosignals into frequency-specific
representations, encodes them with an ordered residual vector quantization (RVQ) hierarchy and
explores masked-token modeling over the resulting codes. Its output representations are structured
over electrodes, frequency branches and residual depth rather than drawn from one flat vocabulary,
making preservation of that structure necessary and part of the modeling problem.

Building on the NeuroRVQ work, we introduce EMG-GPT, a causal predictor of structured EMG
representation tokens. By keeping the pre-trained NeuroRVQ-EMG tokenizer and codebooks fixed,
we study the temporal representation learned above this interface. Rather than flattening every
electrode–branch–depth code into the temporal sequence, EMG-GPT forms one temporal state per
EMG frame, keeps sequence length independent of the retained RVQ depth K and predicts future-
frame codes in RVQ depth order against the corresponding frozen codebooks. Keeping the discrete
interface fixed separates temporal pretraining from tokenizer adaptation.

However, token predictability is not equivalent to kinematic utility. A model may reduce predictive
cross-entropy by exploiting token regularities unrelated to hand motion. We test movement relevance
by transferring the learned states to the emg2pose Regression and Tracking tasks under held-out
generalization conditions. Our contributions are:

1. EMG-GPT, a frame-level causal future-prediction formulation based on NeuroRVQ-EMG
tokens whose temporal sequence length is independent of retained RVQ depth K

2. a depth-autoregressive prediction mechanism that conditions finer RVQ levels on coarser
levels and scores them against their corresponding frozen codebooks

3. a controlled transfer study across retained depth and pretraining progress on continuous
hand-pose Regression and Tracking tasks

2 Background

2.1 Frozen NeuroRVQ EMG representations

NeuroRVQ maps a multi-channel (C channels) EMG time window to B frequency branches and
applies a branch-specific RVQ codebook stack (K layers) at every electrode [Barmpas et al., 2026].
Let Eb,k ∈ RM×de be the codebook for branch b and depth k, where M denotes the number of tokens
and de is the token dimension. The integer-valued code index qt,c,b,k ∈ {0, . . . ,M − 1} selects a
row of Eb,k at frame t, electrode c, branch b, and depth k, and has no geometric or ordinal meaning.
For retained depth K, the structured frame array is:

Qt = (qt,c,b,k)c,b,k ∈ {0, . . . ,M − 1}C×B×K (1)

The reconstructed tokenizer vector at each electrode–branch position is:

ẑ
(K)
t,c,b =

K∑
k=1

Eb,k[qt,c,b,k] (2)

We refer the reader to Appendix A for a detailed analysis of the NeuroRVQ-EMG token representation.

2.2 Structured causal prediction

Equation (1) is not a one-dimensional language sequence: each time step contains electrode, branch,
and residual-depth axes. A temporal predictor must therefore model causal dependencies across
frames while accounting for the ordered residual structure within the frame being predicted. This
creates a representation-learning problem with two distinct structures: (i) time-ordered context and
(ii) a branch-specific coarse-to-fine code hierarchy.
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3 Method

EMG-GPT uses the produced NeuroRVQ tokens and its codebook geometry to represent each EMG
frame. A bidirectional intra-frame encoder integrates simultaneous electrode–frequency features
into one frame state, while a causal transformer models their temporal evolution. EMG-only
pretraining predicts future codes coarse-to-fine across RVQ depth. Tensor-level analysis is described
in Appendix B.

Figure 1: Overview of EMG-GPT. sEMG patches are mapped by frozen NeuroRVQ to structured
time–electrode–branch–depth codes. Frozen vector sums are integrated within each frame and
modeled causally across frames. The pre-head state either predicts a future frame coarse-to-fine with
code-index cross-entropy, or bypasses the categorical head and transfers to parallel Regression and
Tracking decoders under frozen or full-backbone adaptation. Regression interpolates features to the
50-Hz pose grid without an initial pose, whereas Tracking repeats features and receives the boundary
pose. Only token-frame modeling is causal.

3.1 Structured RVQ Frame Encoding

From Qt in Eq. (1), we retain any prefix 1 ≤ K ≤ Kmax, where Kmax is the tokenizer’s full RVQ
depth. Its frozen RVQ reconstruction is:

ẑ
(K)
t,c,b =

K∑
k=1

Eb,k[qt,c,b,k], (3)

xt,c,b = Win LN
(
ẑ
(K)
t,c,b

)
+ echc + ebrb (4)

Here dmodel is the model hidden dimension, LN is a LayerNorm layer over the reconstructed ẑ
(K)
t,c,b

vector and Win ∈ Rdmodel×de is a learned bias-free projection from the de dimension to the dmodel

dimension. Finally, echc and ebrb are learned channel and frequency-branch embeddings. Residual
vector summation follows the ordered RVQ construction [Zeghidour et al., 2022, Barmpas et al.,
2026], whereas the normalization, projection, and structural embeddings define our model input.

We define the ordered frame sequence Xt as a channel-major and branch-minor sequence:

Xt = [xt,1,1, . . . ,xt,1,B ,xt,2,1, . . . ,xt,C,B ] ∈ RCB×dmodel (5)
Given a learned [FRAME] token and applying the intra-frame transformer gives:

ft =
[
LNfr Ffr([e

[FRAME];Xt])
]
[FRAME]

(6)
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Ffr denotes the bidirectional intra-frame Transformer, LNfr its final LayerNorm, e[FRAME] the
learned frame-summary token and [·][FRAME] selects its output, yielding ft ∈ Rdmodel for frame t.

The CB positions are simultaneous electrode–frequency features, making the intra-frame attention
bidirectional. Since RVQ depth has already been combined before this encoder, increasing K enriches
each frame and adds prediction targets without increasing the CB positions or the temporal sequence
length.

3.2 Hierarchical Predictive Pretraining

For a context of L token frames, learned absolute temporal embeddings are added to the frame states
before a decoder-only transformer:

h1:L = LNout FGPT

(
Drop([ft + etime

t ]Lt=1)
)

(7)

where etime
t , Drop, FGPT and LNout denote the temporal embedding, dropout, decoder-only tempo-

ral Transformer, and final LayerNorm, respectively, and ht ∈ Rdmodel is the resulting frame state. The
causal mask [Vaswani et al., 2017] restricts ht to frame states through t. Training pairs are denoted
with Q1:L and Q1+∆:L+∆, where ∆ is an offset in token frames. If adjacent frames are separated
by δt, the forecast horizon is τforecast = ∆δt. We use a 25-Hz configuration (5, 40ms), predicting
200 ms ahead. We therefore describe the temporal objective generically as causal future-frame
prediction. Prediction follows RVQ depth because each finer code describes a residual left by coarser
codes [Lee et al., 2022]. For target depth k, define the reconstruction from realized coarser codes:

ẑ
(<k)
t+∆,c,b =

k−1∑
r=1

Eb,r[qt+∆,c,b,r], ẑ(<1) = 0 (8)

Given Q≤t as the context, Qt+∆,:,:,<k the earlier target depths and pθ as the model distribution, the
factorization is defined as:

pθ(Qt+∆ | Q≤t) =

K∏
k=1

C∏
c=1

B∏
b=1

pθ(qt+∆,c,b,k | Q≤t,Qt+∆,:,:,<k) (9)

Bidirectional self-attention exchanges hidden information among same-depth queries before cross-
attention to ht. Thus, the model is: (i) causal across time, (ii) autoregressive across RVQ depth and
(iii) conditionally factorized across channel–branch targets within a depth. Training uses ground-truth
coarser codes while generation uses previously predicted ones.

Each query is projected into codebook space and scored against its matching frozen branch–depth
codebook by learned scaled cosine similarity: code indices provide categorical targets, while codebook
vectors are the output prototypes. With logits ℓn,t,c,b,k ∈ RM , the objective for N complete windows
is:

LCE,k = − 1

NLCB

∑
n,t,c,b

log softmax(ℓn,t,c,b,k)qn,t+∆,c,b,k
,

Lpre =
1

K

K∑
k=1

(LCE,k + λzLz−loss)

(10)

We use λz = 10−4 for z-loss regularization term. We report the clean predictive metric LCE =
1
K

∑
k LCE,k, while optimization uses Lpre. Complete shifted windows require no padding mask.

No gradient reaches NeuroRVQ or its codebooks. Code-prediction loss trains the backbone, but pose
transfer tests the pre-head states and bypasses this categorical objective.

3.3 Transfer to Hand Pose

Downstream computation uses the H = [h1, . . . ,hL] ∈ RN×L×dmodel as described in Section 3. A
learned feature projection changes representation width, while temporal rate alignment is a separate
operation. Regression linearly interpolates projected features to the 50-Hz pose grid, receives no
ground-truth initial pose, predicts absolute joint angles for an initialization prefix, and then integrates
predicted angular increments. Tracking causally repeats projected features on the 50-Hz grid, receives
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the ground-truth pose at the scoring boundary, and integrates predicted increments from that state.
They are parallel benchmark protocols and are reported separately [Salter et al., 2024].

Frozen transfer fixes the hidden-state backbone and trains only the feature projection and recurrent
decoder, probing representation quality [Yang et al., 2021]. Full-backbone adaptation warm-starts
the frozen pose model and additionally trains the EMG-GPT encoder. NeuroRVQ, its codebooks, and
the bypassed categorical head remain fixed in every evaluation protocol.

4 Evaluation

We preserve the emg2pose partitions and report Regression separately from Tracking, which receives
a ground-truth boundary pose [Salter et al., 2024]. User holds out participants, Stage holds out
kinematic categories, and User, Stage holds out both. During evaluation we use K = 4, 25-Hz
representation and full-backbone adaptation (see Appendix C). Tracking adds velocity supervision.
Selection details are described in Appendices D. Appendix E reports details evaluation results.

Figure 2: Tracking poses for EMG-GPT and vEMG2Pose. Top: motion capture; middle: EMG-GPT
Tracking; bottom: vEMG2Pose [Salter et al., 2024].

Table 1: Regression test results. Published baselines are from Salter et al. [2024]; EMG-GPT is a
fully adapted model. Angular and landmark values are mean ± sample SD across users within each
generalization condition.

Test set Model Angular MAE (◦) ↓ Landmark (mm) ↓

User SensingDynamics 15.5 ± 1.4 21.8 ± 2.1
NeuroPose 13.2 ± 1.1 17.5 ± 1.3
vEMG2Pose 12.2 ± 1.3 15.8 ± 1.9
EMG-GPT 12.8 ± 1.1 16.3 ± 1.3

Stage SensingDynamics 18.8 ± 1.6 26.6 ± 2.0
NeuroPose 17.2 ± 1.7 24.0 ± 2.1
vEMG2Pose 15.2 ± 1.6 20.4 ± 2.2
EMG-GPT 16.3 ± 1.6 22.0 ± 1.9

User, Stage SensingDynamics 18.7 ± 1.6 27.2 ± 2.0
NeuroPose 17.5 ± 1.5 24.9 ± 1.7
vEMG2Pose 15.8 ± 1.4 21.6 ± 2.0
EMG-GPT 16.6 ± 1.3 22.7 ± 1.4

Across all three conditions, Regression has lower angular and landmark errors than SensingDynamics
and NeuroPose, while vEMG2Pose remains marginally stronger. Tracking displays good results and
remains only marginally behind vEMG2Pose (see Appendix E). Because the external results differ
in frontend, augmentation, temporal alignment, and scoring grid, these tables support descriptive
comparison rather than a significance or benchmark-superiority claim. We refer the reader to
Appendix E for a matching evaluation protocol.
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5 Conclusions

In this work, we introduce EMG-GPT, an transformer-based model that combines frozen NeuroRVQ
geometry, bidirectional within-frame integration, causal temporal modeling and depth-autoregressive
future-code prediction. A series of experiments support transfer from EMG-only pretraining. Future
work will investigate joint tokenizer–predictor adaptation, motion-preserving pretraining objectives,
and causal streaming inference. More broadly, scaling pretraining across users, devices, and datasets
could support a transferable sEMG foundation model for pose estimation, gesture recognition, and
human–machine interaction.
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A Frozen NeuroRVQ EMG Tokenization Interface

This section describes the NeuroRVQ-EMG tokenizer formulation [Barmpas et al., 2026]. It provides
the residual-quantization formulation and codebook notation required by our EMG-GPT as described
in Section 3.

A.1 Codebook assignment and residual recurrence

For a fixed frame t, electrode c and branch b, the transformer encoder in NeuroRVQ-EMG tokenizer
produces a latent vector z ∈ Rde . We suppress these indices below, writing qk = qt,c,b,k and
Ek = Eb,k. Let Ek = {ek,j}M−1

j=0 denote the codebook at RVQ depth k with M tokens. The location
of the selected token in Ek is denoted as qk ∈ {0, . . . ,M − 1}. With r(0) = z and a numerical
stabilizer ε > 0, the tokenizer applies:

r(k−1) =
r(k−1)

max(∥r(k−1)∥2, ε)
, (11)

qk = arg min
j∈{0,...,M−1}

∥∥∥r(k−1) − ek,j

∥∥∥2
2
, (12)

v(k) = ek,qk , r(k) = r(k−1) − v(k). (13)

The reconstruction from the first K depths is defined as:

ẑ(K) =

K∑
k=1

v(k) (14)

A.2 Structured EMG output

NeuroRVQ-EMG tokenizer contains B = 4 frequency branches. Each branch has a separate
Kmax = 16-level RVQ stack and every codebook contains M = 8192 token vectors of dimension
de = 128. The same branch–depth codebook is shared across electrodes, but codebooks are not
shared across branches or depths. NeuroRVQ-EMG is pre-trained on C = 16 global electrodes. At
frame t, qt,c,b,k ∈ {0, . . . ,M − 1} is the code index at electrode c, branch b, and depth k. The prefix
Q

(K)
t ∈ {0, . . . ,M − 1}C×B×K collects the first K depths, with reconstructed vector ẑ(K)

t,c,b:

Q
(K)
t = (qt,c,b,k)

C,B,K
c=1,b=1,k=1, ẑ

(K)
t,c,b =

K∑
k=1

Eb,k[qt,c,b,k]. (15)

A.3 Identifiers and frozen geometry

Code indices are table addresses. For any permutation πb,k, relabeling q′t,c,b,k = πb,k(qt,c,b,k) and
permuting the rows of Eb,k by the same map leaves every selected vector and therefore Eq. (15)
unchanged. The relevant geometry is carried by the frozen vectors in the matching (b, k) codebook.

B EMG-GPT Predictive Interface

This section specifies the tensor operations summarized in Section 3. For a minibatch of N windows,
the stored input has shape [N,L,C,B,K], and frozen codebooks have shape [B,K,M, de]. We use
dmodel for the EMG-GPT hidden dimension.

B.1 Frame and temporal backbone

Frozen dequantization first yields:

ẑ
(K)
n,t,c,b =

K∑
k=1

Eb,k[qn,t,c,b,k] ∈ Rde (16)
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The selected RVQ-sum input path applies LayerNorm before a bias-free linear projection, then adds
channel and branch embeddings:

xn,t,c,b = Win LNin(ẑ
(K)
n,t,c,b) + echc + ebrb (17)

Reshaping contiguous [C,B] axes produces the channel-major, branch-minor sequence:

[x1,1, . . . ,x1,B ,x2,1, . . . ,xC,B ] (18)

A learned [FRAME] token is prepended independently at each time step. The same bidirectional
transformer is applied to all frames, and its final-layer-normalized [FRAME] output is fn,t.

Absolute time embeddings are then added and dropout is applied:

U = Drop([fn,t + etime
t ]n,t) ∈ RN×L×dmodel . (19)

The selected temporal backbone applies causal transformer blocks followed by a final LayerNorm:

H = LNout FGPT(U) = [h1, . . . ,hL] ∈ RN×L×dmodel (20)

Consequently, ht depends only on token frames 1:t. The dataset uses complete contiguous windows
and pairs Q1:L with Q1+∆:L+∆. Discontinuities split sequences rather than introducing padding. If
the token-frame spacing is δt, the physical forecast horizon is ∆δt.

B.2 Depth-autoregressive codebook head

At depth k, the head creates one query for every (c, b) position. Before the decoder blocks, its
implemented query is:

at,c,b,k = Ph(ht) + eout,chc + eout,brb + edepthk + I[k > 1]W<k LN<k(ẑ
(<k)
t+∆,c,b) (21)

where Ph is an affine hidden-state projection and W<k is a shared bias-free projection from de to
dmodel. LN<k is LayerNorm over the de-dimensional partial reconstruction ẑ(<k), which is defined
in Eq. (8). Its value is zero at k = 1.

Shared decoder blocks first apply bidirectional self-attention across the CB queries at the current
depth, then cross-attend each query to the single state ht, and finally apply a multilayer perceptron
(MLP). Same-depth queries therefore exchange hidden context, but no realized same-depth target is
supplied. Training uses ground-truth coarser codes in Eq. (21), and generation replaces them with
previously generated coarser codes.

Let gt,c,b,k be the final-layer-normalized query after these blocks and let Pq : Rdmodel → Rde be the
shared affine output projection. Logits for code index j are defined as:

ℓt,c,b,k,j = sb,k

〈
Pq(gt,c,b,k)

∥Pq(gt,c,b,k)∥2
,

Eb,k[j]

∥Eb,k[j]∥2

〉
, sb,k = min{exp(γb,k), smax} (22)

where γb,k is a learned branch–depth log-scale and smax is a fixed upper bound on sb,k. Thus each
branch and depth is scored only against its matching frozen codebook. Decoder blocks and Pq are
shared across depth. Depth embeddings and positive logit scales are depth-specific and branch–depth-
specific, respectively. Channel and branch embeddings are shared over depth. The primary loss
averages branch-wise summed cross-entropies over NLCB targets at each depth and then applies
the normalized depth weights in Eq. (10).

B.3 Effect of retained depth and transfer tensor

Increasing K adds vectors to Eq. (16) and ordered target levels to the head. It does not change
the CB intra-frame positions, context length L or number of transferred temporal states. Transfer
consumes exactly H from Eq. (20), after the final backbone LayerNorm and before the categorical
head. It, therefore, receives neither code logits nor predicted future code indices.
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C Implementation and Pretraining Details

Training slices the first K depths and constructs complete length-L windows paired with targets
∆ token frames ahead. We use 25-Hz tokens with a 40-ms hop and ∆ = 5. This configuration
predicts 200 ms ahead. Patch width is recorded separately and is not used to define this forecast
interval. Missing storage blocks split a recording into separate sequences, so a window never spans a
discontinuity. Codebooks are loaded as non-trainable runtime buffers with shape [B,K,M, de]. The
input path and categorical head use the same frozen branch–depth tables, while all frame-encoder,
temporal, and query-projection parameters are learned during pretraining.

Table 2: Configuration of the selected 25-Hz, K = 4 EMG-GPT model.

Field Verified value

Token grid 25 Hz; 40-ms hop; independently encoded 200-ms patches
RVQ depth K = 4 retained depths
Forecast L = 150 frames (6.0 s context); ∆ = 5 frames (200 ms)
Offline preprocessing Nominal 20–400 Hz third-order Butterworth with forward–reverse fil-

tering; polyphase resampling from 2 kHz to 1 kHz
Input representation Frozen K = 4 RVQ vectors summed across depth, LayerNorm, bias-

free projection, learned channel/branch embeddings, CLS pooling
Temporal backbone dmodel = 512; 8 Transformer layers; 8 heads; dropout 0.1; 2-layer

within-frame encoder
Output head 2-layer depth-autoregressive codebook head; uniform depth weighting
Parameters 40,494,736 trainable parameters (40.5M)
Objective Hard categorical CE plus logit z-loss with λz = 10−4

Optimizer AdamW; peak LR 10−4; β = (0.9, 0.95); weight decay 0.1
Batch and warmup Batch 16; 2 gradient-accumulation steps; effective batch 32; 2,000-step

linear warmup
Schedule WSD through 200k, with cosine decay over steps 180k–200k to 10−5;

constant 10−5 continuation from 200k to 400k
Precision and hardware bfloat16 on one NVIDIA GH200 120GB; seed 123
Exact 400k exposure 12.8M windows; 1.92B predicted frames; 491.52B predicted code targets
Validation-selected GPT Regression: 280k; Tracking: 400k

D Regression and Tracking Protocols

This section specifies the emg2pose evaluation protocols. Both tasks use the final normalized states
of a pretrained K = 4 EMG-GPT. NeuroRVQ and its codebooks remain fixed. Inputs contain 150
token frames at 25 Hz (6 s), including 25 left-context frames (1 s). Pose targets are sampled at 50 Hz.
Invalid inverse-kinematics rows are masked from optimization and scoring.

Pose decoders and alignment. A learned projection maps each 512-dimensional backbone state to
64 features. Both tasks then use a two-layer LSTM with hidden width 512 to predict 20 joint angles
(see Figure 1). Regression linearly interpolates token features to 50 Hz with endpoint alignment. It
receives no ground-truth initial pose: the decoder starts from zeros, predicts absolute pose for 12
steps, and subsequently integrates angular increments scaled by 0.01. The scored tail contains 250
pose steps (5 s), and windows advance by 150 token frames (6 s). Tracking uses a causal zero-order
hold, repeating every 25-Hz feature for two pose steps. It receives the ground-truth pose at the scoring
boundary, 1.04 s after the token-window start, and then autoregressively integrates increments scaled
by 0.01. Its one-token-frame offset gives 40 ms token-to-pose latency. The scored tail is again 5 s,
while windows advance by 125 token frames (5 s).

Objectives. The angular term is masked joint-angle L1 in radians. The fingertip term is the mean
distance in millimetres over the five fingertips. Regression uses angular L1 plus 0.01 fingertip
distance. Tracking adds velocity loss with weight 4. Full adaptation trains the RVQ-input mapping
and intra-frame encoder, all temporal GPT blocks, temporal and structural embeddings, and final
backbone LayerNorm. It uses Adam with an effective batch of 32, head learning rate 5 × 10−5,
backbone learning rate 5× 10−6, and a 5k-step cosine schedule.
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E Transfer Evaluation

E.1 Tracking Results

Table 3: Tracking test results, where the boundary pose is given. vEMG2Pose values are from [Salter
et al., 2024].

Test set Model Angular MAE (◦) ↓ Landmark (mm) ↓

User vEMG2Pose 7.7 ± 1.0 10.3 ± 1.5
EMG-GPT 8.9 ± 0.9 11.6 ± 1.2

Stage vEMG2Pose 11.2 ± 1.4 15.2 ± 1.9
EMG-GPT 12.4 ± 1.4 16.9 ± 1.8

User, Stage vEMG2Pose 11.0 ± 1.0 15.4 ± 1.4
EMG-GPT 12.2 ± 1.3 16.9 ± 1.4

E.2 Matching Evaluation Protocol with vEMG2Pose

Published vEMG2Pose values in the main tables (Tables 1 and 3) are external protocol references.
To control for differences in evaluation sampling, we also evaluate the released vEMG2Pose Re-
gression and Tracking checkpoints, without retraining, at the canonical test target indices used for
EMG-GPT. Within each task, the ordered target-index hashes, valid-value counts, metric imple-
mentation, and equal-user aggregation are identical between models. Table 4 controls the effective
test samples and aggregation locally. This local comparison is not a reproduction of the published
protocol: vEMG2Pose retains its released raw-EMG frontend and weights, while EMG-GPT uses
fixed, independently tokenized 200-ms patches, 25-Hz GPT features, and source-aligned 50-Hz
scoring. Zero-phase filtering also makes the complete token pipeline offline. We therefore treat both
comparisons as descriptive and do not make significance or benchmark-superiority claims.

Table 4: Locally matched test evaluation of the released vEMG2Pose checkpoints and EMG-GPT.
Values are mean ± sample SD across users within each generalization condition. Bold indicates the
lower mean; rounded ties are bolded together. Each method retains its native input frontend.

Test set Model Angular MAE (◦) ↓ Landmark (mm) ↓

Regression
User vEMG2Pose 12.80 ± 1.31 16.29 ± 1.85

EMG-GPT 12.80 ± 1.08 16.30 ± 1.29
Stage vEMG2Pose 15.40 ± 1.59 20.43 ± 2.09

EMG-GPT 16.30 ± 1.57 22.02 ± 1.92
User, Stage vEMG2Pose 15.73 ± 1.38 21.25 ± 1.79

EMG-GPT 16.64 ± 1.30 22.70 ± 1.39

Tracking
User vEMG2Pose 8.57 ± 0.95 11.11 ± 1.35

EMG-GPT 8.89 ± 0.93 11.59 ± 1.24
Stage vEMG2Pose 11.50 ± 1.41 15.45 ± 1.81

EMG-GPT 12.42 ± 1.43 16.88 ± 1.80
User, Stage vEMG2Pose 11.33 ± 0.97 15.64 ± 1.33

EMG-GPT 12.18 ± 1.25 16.93 ± 1.36

On held-out users, the matched Regression angular errors are equal after rounding to two decimals.
vEMG2Pose has lower mean error in the remaining Regression comparisons and in all Tracking
comparisons.
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E.3 Qualitative Results

We select validation clips using pre-defined user and stage error percentiles, then choose windows
nearest to the corresponding aggregate error. Figures 3–7 show the motion-capture target, the locked
25-Hz EMG-GPT Tracking model, and a locally evaluated vEMG2Pose reference on the same clips.
Figures 8–10 apply the same selection rule to Regression, with target equality verified for each
aligned comparison segment.

Figure 3: Median held-out user and median held-out stage (FingerFreeform). Top: motion capture;
middle: EMG-GPT Tracking; bottom: vEMG2Pose. Six poses unroll from left to right over a
five-second validation clip.

Figure 4: Median held-out user and lower-error held-out stage (ShakaVulcanPeace). Rows and
temporal layout follow Figure 3.

Figure 5: Median held-out user and higher-error held-out stage (CountingUpDownFingerWig-
glingSpreading). Rows and temporal layout follow Figure 3.
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Figure 6: Lower-error held-out user and median held-out stage (HandOverHandCountingUpDown-
FingerWigglingSpreading). Rows and temporal layout follow Figure 3.

Figure 7: Higher-error held-out user and median held-out stage (FingerFreeform). Rows and temporal
layout follow Figure 3.

Figure 8: Regression example for a median held-out user and median held-out stage. Top: motion-
capture target; middle: EMG-GPT Regression; bottom: vEMG2Pose Regression. Six poses unroll
from left to right over the same target-aligned five-second validation clip.
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Figure 9: Regression example for a median held-out user and lower-error held-out stage. Rows and
target-aligned temporal layout follow Figure 8.

Figure 10: Regression example for a median held-out user and higher-error held-out stage. Rows and
target-aligned temporal layout follow Figure 8.
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