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Abstract 8;?

Intracortical speech brain—computer interfaces (BCls) can restore communica- 028

tion for people who cannot speak, but longitudinal neural variability can degrade 029
decoding across sessions. We implemented a parameter-efficient cross-session

calibration framework using separate recurrent connectionist temporal classifi- 030

cation (CTC) decoders for two public intracortical speech datasets (T12 and 031

T15). Adaptation was restricted to a 256 X 256 affine transformation and bias 032

at the neural input, while the recurrent encoder and CTC classifier remained 033

frozen. Sessions were split chronologically; the calibration protocol was selected 034

only on T12 validation sessions, frozen before later T12 testing, and trans- 035

ferred unchanged to T15. Only 65,792 parameters (j0.05% of either model) 036

were updated using 40 or 80 labeled trials. On T12, macro phoneme error rate 037

improved by 11.37% and 15.51%, with all six held-out sessions improving under 038
all three seeds. On T15, improvements were 2.72% and 10.05%, revealing greater

. . . . . 039

session dependence. Extending prior work on high-performance and rapidly cal- 040
ibrating speech neuroprostheses, this study tests a fixed lightweight calibration

rule across two independent datasets under a validation-locked protocol. These 041

findings provide a leakage-resistant cross-dataset evaluation of rapid longitudinal 042

recalibration and show that input-space adaptation can recover a substantial, 043

but not universal, component of cross-session mismatch. 044

045

046
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1 Introduction

Loss of natural speech can substantially restrict communication, independence, and
social participation in people with paralysis and neurological disorders that impair
voluntary speech. Brain—computer interfaces (BCIs) offer a potential communica-
tion pathway by translating neural activity associated with intended or attempted
actions into an external output. Cortical recordings have been used to synthesize
intelligible speech directly from neural activity [1], and sentence-level communication
was subsequently demonstrated in a person with anarthria [2]. Sequence-to-sequence
modeling has also been used to translate electrocorticographic activity into text [3],
while intracortical decoding of attempted handwriting demonstrated high-performance
brain-to-text communication [4]. More recent intracortical speech systems have
achieved substantially higher neural-to-text performance using attempted speech [5],
and multimodal cortical interfaces have enabled simultaneous decoding of text, speech
audio, and facial-avatar movements [6]. Accurate speech decoding after comparatively
short initial training has further been demonstrated in a participant with amyotrophic
lateral sclerosis [7]. Complementary intracranial studies have demonstrated online
speech synthesis using a chronically implanted BCI in a person with ALS [8] and
investigated the feasibility of decoding covert speech from electrocorticography using
a Transformer trained on overt speech [9]. Together, these developments establish
invasive speech BClIs as a promising approach for restoring communication.

High decoding accuracy during one recording period, however, does not ensure
that a fixed decoder will remain reliable during later sessions. Longitudinal changes
in recorded cortical signals and neural prosthetic decoder performance have been doc-
umented over extended recording periods [10], while substantial within-day neural
signal instabilities have also been observed in human intracortical interfaces [11]. Such
variability can arise from changes in the electrode—tissue interface, the recorded neu-
ral population, behavioral state, physiological modulation, and other sources of neural
or measurement drift. Repeated-session adaptation has therefore been a longstand-
ing problem in intracortical BCIs. Self-calibrating operation has been demonstrated
for communication BCIs [12], robustness to future neural variability has been inves-
tigated explicitly [13], and rapid recalibration has been developed to reduce repeated
setup requirements [14]. Alignment of low-dimensional neural representations can fur-
ther stabilize decoding across recording instabilities [15]. Adaptive updating of an
ECoG-based BCI using neural correlates of task performance has similarly shown
the potential value of reducing repeated dedicated decoder-training requirements [16].
These findings indicate that temporal distribution shift and repeated calibration
remain central challenges for neural interfaces intended for longitudinal use.



Cross-session neural decoding can be viewed as a domain-shift problem in which a
decoder trained on earlier recording sessions is applied to a later target session. Gen-
eral neural domain-adaptation methods can reduce distribution mismatch [17, 18],
but unrestricted model fine-tuning introduces many target-specific degrees of freedom
and can be undesirable when only a small amount of labeled neural data is avail-
able. The broader BCI literature has therefore investigated transfer-learning strategies
that reduce the amount of calibration data or retraining required for a new operating
condition. Riemannian geometry-based transfer learning has, for example, been used
to reduce training time in code-modulated visual evoked potential BCIs [19], while
transfer of symmetric feature representations has been investigated for reducing train-
ing requirements in functional-near-infrared-spectroscopy BCIs [20]. Although these
recording modalities and decoding tasks differ from intracortical speech decoding,
they illustrate the broader need to minimize target-specific calibration burden while
preserving decoder performance.

A more constrained approach for a high-capacity intracortical decoder is to preserve
the temporal and phonetic sequence model and estimate only a compact session-
specific transformation. Parameter-efficient adaptation follows a related principle in
other machine-learning settings by restricting target-specific optimization to a small
subset of model parameters [21, 22]. Applied to intracortical speech decoding, this
restriction provides a controlled scientific question: how much decoder-relevant mis-
match in a future recording session can be corrected near the neural input without
relearning the recurrent temporal representation or phoneme classifier?

This question was examined using two independently recorded public intracorti-
cal speech datasets, referred to as T12 [5] and T15 [7]. Complete recording sessions
were separated chronologically into earlier training sessions, intermediate validation
sessions, and later held-out sessions. T12 was used for protocol development and
chronological held-out evaluation. Adaptation scope and optimization duration were
selected exclusively from T12 validation sessions before the final test sessions were
examined. A separate high-capacity source decoder was trained for T'15, but the target-
session calibration rule selected during T12 development was transferred without
retuning in response to T15 held-out performance.

The final procedure updates only a 256 x 256 affine transformation and bias
for a future recording session. This corresponds to 65,792 trainable parameters,
less than 0.05% of either complete decoder. Two small labeled calibration bud-
gets, K = 40 and K = 80 trials, were evaluated. Performance was assessed using
phoneme error rate (PER), session-level paired comparisons, repeated calibration
seeds, substitution/deletion/insertion decomposition, sequence-length behavior, and
direct computational measurements. Accordingly, the study contributes a compact
affine-only calibration mechanism that updates less than 0.05% of the full decoder, a
chronology-preserving validation and test design that prevents held-out-session tuning,
and an independent T15 evaluation in which the calibration protocol selected on T12
is transferred without test-driven retuning. Error decomposition and direct computa-
tional measurements further characterize how the adaptation changes sequence errors,
how strongly its benefit depends on calibration budget, and the computational cost
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required to obtain that recovery. The overall decoding and future-session calibration
framework is summarized in Fig. 1.
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Fig. 1 Overall architecture for cross-session intracortical speech decoding and rapid
calibration. Native neural features from T12 or T15 are temporally smoothed and mapped to a
256-dimensional decoder space, with T15 additionally using a learned 512-to-256 input bridge. A
session-specific affine transformation precedes the Softsign activation, temporal unfolding, five-layer
bidirectional GRU encoder, and phoneme-level CTC classifier. During future-session calibration, only
the 65,792 parameters of the target-session affine transformation are updated; the input bridge,
recurrent encoder, and CTC classifier remain frozen.



2 Results

2.1 Validation-only selection of the calibration protocol

Independent source decoders were established before any held-out target-session cal-
ibration was performed. The T12 source decoder reached its selected validation
minimum at optimizer step 7,750, with validation PER 0.314116. The independently
trained T15 source decoder reached its selected minimum at step 11,750, with vali-
dation PER 0.395386. All subsequent held-out comparisons used these fixed source
checkpoints.

The target-session adaptation mechanism was selected using only the chrono-
logical T12 validation sessions. Three restricted parameter scopes were compared:
residual-adapter-only, affine-only, and joint affine-plus-adapter adaptation. Aggre-
gate validation phoneme error rate (PER) was 0.307066 for adapter-only adaptation,
0.295796 for affine-only adaptation, and 0.295989 for affine-plus-adapter adaptation.
The difference between the two best configurations was small; therefore, a material
decoding advantage of affine-only adaptation over the combined configuration is not
implied. Affine-only calibration was retained because it achieved the lowest evaluated
validation PER, while requiring fewer trainable parameters.

Calibration duration was then refined while keeping the affine-only scope fixed.
Validation PER decreased from 0.300810 after 25 optimization steps to 0.295796 after
50 steps, followed by values of 0.292836, 0.290487, 0.289866, 0.288768, and 0.286564
after 75, 100, 125, 150, and 200 steps, respectively. The 200-step configuration was
consequently fixed before held-out evaluation. Figure 2 summarizes the validation-only
protocol selection.

(a) Adaptation-scope selection (b) Affine-only duration refinement
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Fig. 2 Validation-based selection of the calibration protocol. Panel (a) compares restricted
adaptation scopes using chronological T12 validation sessions. Panel (b) shows validation PER as the
duration of affine-only calibration is increased. Affine-only adaptation with 200 optimization steps
was fixed before held-out evaluation.
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2.2 Calibration improves later-session T12 decoding

The frozen affine-only procedure was first evaluated on the six chronologically held-
out T12 sessions. With K = 40 labeled trials, macro PER decreased from 0.4211
before calibration to 0.3732 4 0.0004 after calibration, where the uncertainty denotes
the standard deviation across three calibration seeds. This corresponds to an 11.37%
relative reduction. Pooled PER decreased from 0.4279 to 0.3793. All six held-out
sessions improved under every calibration seed.

Increasing the calibration budget to K = 80 produced a larger effect. Macro PER
decreased from 0.4219 to 0.3565+0.0006, corresponding to a 15.51% relative reduction,
while pooled PER decreased from 0.4293 to 0.3629. Again, all six sessions improved
under all three calibration seeds. Session-level trajectories are shown in Fig. 3, and
the aggregate results are summarized in Table 1.

For statistical comparison, the post-calibration PER for each session was first
averaged across the three calibration seeds and paired with the corresponding before-
calibration PER. An exact two-sided Wilcoxon signed-rank test yielded p = 0.03125
for both K = 40 and K = 80. Thus, the post-calibration PER was lower than the
corresponding pre-calibration PER for every held-out T'12 session, with both compar-
isons meeting the nominal o = 0.05 reference threshold. Because four dataset—budget
comparisons were evaluated without multiplicity adjustment, these p values are inter-
preted as nominal inferential evidence together with the effect magnitude and complete
directional consistency rather than as multiplicity-adjusted confirmatory evidence.

T12 held-out session performance
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Fig. 3 Held-out T12 session performance. Panels show phoneme error rate before and after
affine-only calibration for K = 40 and K = 80 labeled target-session trials. Each thin line represents
one chronologically held-out recording session, and the thicker summary line denotes the macro
session average. For both calibration budgets, all six sessions improved and the nominal exact two-
sided Wilcoxon signed-rank test yielded p = 0.03125.



2.3 T12 calibration reduces substitution and deletion errors

Error decomposition provided additional information about the mechanisms under-
lying the T12 improvement. At K = 40, the pooled substitution rate decreased
from 0.2754 to 0.2445 and the deletion rate decreased from 0.1057 to 0.0857,
whereas the insertion rate changed only slightly from 0.0469 to 0.0491. The pooled
decoded-to-reference phoneme-length ratio increased from 0.9412 to 0.9634.

At K = 80, the substitution rate decreased from 0.2766 to 0.2335 and the deletion
rate from 0.1048 to 0.0810, while the insertion rate remained similar, changing from
0.0479 to 0.0485. The corresponding decoded-to-reference length ratio increased from
0.9432 to 0.9675.

These pooled diagnostics are descriptive and were used to characterize the composi-
tion of the PER reduction rather than as additional independent hypothesis tests. The
simultaneous reduction in deletion errors and movement of the decoded-to-reference
length ratio toward one indicate that calibration reduced under-decoding rather than
merely exchanging one edit-error type for another (Fig. 4).

T12 pooled error decomposition after affine calibration
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Fig. 4 T12 pooled error decomposition after affine-only calibration. Panel (a) shows pooled
substitution, deletion, and insertion rates before and after calibration at K = 40 and K = 80.
Panel (b) shows the corresponding pooled decoded-to-reference phoneme-length ratios; the reference
value of one represents equal decoded and reference sequence lengths. These pooled diagnostics are
descriptive; formal paired inference was performed on session-level PER as reported in Fig. 3 and
Table 1.

2.4 Independent evaluation on T15

The same target-session calibration rule was next evaluated on T15 using a separately
trained T15 source decoder. The learning rate, adaptation scope, number of optimiza-
tion steps, calibration budgets, and repeated seed set were not retuned in response to
the held-out T15 results.

At K = 40, all eight held-out T15 sessions satisfied the predeclared minimum
evaluation-size requirement. Macro PER decreased from 0.6324 to 0.6152 + 0.0041,
corresponding to a relative reduction of 2.72%. Pooled PER decreased from 0.6136 to
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0.5835. Four of the eight sessions improved under every calibration seed. The nominal
exact paired Wilcoxon value was p = 0.546875.

At K = 80, six of the eight T15 sessions remained eligible under the predefined
requirement that at least 40 trials remain for evaluation after calibration. Macro PER
decreased from 0.6123 to 0.5508+0.0004, corresponding to a 10.05% relative reduction,
and pooled PER decreased from 0.6006 to 0.5260. Four of the six eligible sessions
improved under all three seeds. The nominal exact paired Wilcoxon value was p =
0.15625.

Thus, neither T15 condition fell below the nominal 0.05 reference threshold, and
the session-level response was more heterogeneous than on T12. Figure 5 shows the
paired T15 results.

T15 external held-out session performance
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Fig. 5 Held-out T15 session performance. Panels show phoneme error rate before and after
affine-only calibration for K = 40 and K = 80. All eight held-out sessions are included for K =
40, whereas six satisfy the predeclared evaluation-size criterion for K = 80. The same calibration
hyperparameters selected during T12 development were used without held-out T'15 retuning.

2.5 T15 error mechanisms reveal stronger budget dependence

The T15 error decomposition differed from the T12 pattern. At K = 40, the
macro deletion rate decreased substantially from 0.171822 to 0.107795, and the mean
decoded-to-reference sequence-length ratio increased from 0.850713 to 0.950242. How-
ever, the substitution rate increased from 0.438044 to 0.449359 and the insertion
rate increased from 0.022535 to 0.058037. The large reduction in deletion errors was
therefore partly offset by increases in the other edit-error components.

At K = 80, a more favorable pattern emerged. The substitution rate decreased
from 0.423760 to 0.396516 and the deletion rate from 0.164680 to 0.106599. The inser-
tion rate increased from 0.023893 to 0.047677, while the mean decoded-to-reference
sequence-length ratio improved from 0.859213 to 0.941077.



These results indicate that the smaller T'15 calibration budget primarily corrected
under-decoding but did not consistently improve phoneme identity, whereas the larger
budget produced reductions in both substitution and deletion errors (Fig. 6).

(a) Error decomposition (b) Output-length recovery
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Fig. 6 T15 error decomposition after affine-only calibration. Panel (a) summarizes macro-
averaged substitution, deletion, and insertion rates before and after calibration at K = 40 and K = 80.
Panel (b) shows the corresponding macro-averaged decoded-to-reference phoneme-length ratios. The
K = 40 condition primarily reduces deletion errors, whereas the larger K = 80 budget also reduces
substitution errors.

2.6 Cross-dataset comparison and computational efficiency

The aggregate comparison in Fig. 7 demonstrates two related but distinct calibra-
tion behaviors. T12 exhibits a consistent future-session benefit at both calibration
budgets, whereas T15 shows greater session dependence and a substantially stronger
benefit at the larger budget. These observations do not imply that neural drift is
itself affine. Rather, they indicate that the fraction of decoder-relevant session mis-
match correctable by an affine input transformation differs across datasets, recording
sessions, and calibration budgets.

Only the session-specific 256 x 256 affine matrix and its 256-dimensional bias were
updated during final target-session calibration. The resulting 65,792 trainable param-
eters correspond to 0.049398% of the 133,187,113-parameter T12 source decoder and
0.048939% of the 134,436,649-parameter T15 decoder. More than 99.95% of either
pretrained model therefore remained unchanged.

Mean T12 calibration time was 7.52 s for K = 40 and 7.56 s for K = 80, with
peak allocated GPU memory of approximately 1.28 GB. T15 required 20.12 s for
K =40 and 23.46 s for K = 80, with peak allocated GPU memory of approximately
1.80 GB and 1.91 GB, respectively. These measurements quantify both the restricted
optimization scope and the computational cost of future-session calibration.

Table 1 summarizes the principal held-out results across both datasets and
calibration budgets.
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Fig. 7 Cross-dataset effect of parameter-efficient calibration. Macro phoneme error rate is
shown before and after calibration for T12 and T15 at K = 40 and K = 80. Error bars represent the
across-seed standard deviation of the post-calibration macro PER. Annotations summarize relative
improvement, all-seed session consistency, and nominal exact paired Wilcoxon values.

Table 1 Final held-out cross-dataset results. Post-calibration macro PER is the mean
across eligible sessions and is reported as mean + standard deviation across three calibration
seeds. The p values are nominal exact two-sided Wilcoxon signed-rank values computed from
paired session-level observations.

Dataset K n Macro Macro Bel. Pooled Pooled A!l-seed
before after imp. before after imp.
T12 40 6 0.4211 0.3732£0.0004 11.37%  0.4279 0.3793 6/6
T12 80 6 0.4219 0.3565+0.0006 15.51%  0.4293 0.3629 6/6
T15 40 8 0.6324 0.6152+£0.0041 2.72% 0.6136 0.5835 4/8
T15 80 6 0.6123 0.5508 £0.0004 10.05%  0.6006 0.5260 4/6

Nominal p values: T12 K = 40, 0.03125; T12 K = 80, 0.03125; T15 K = 40, 0.546875; T15
K = 80, 0.15625.

3 Discussion

This study examined whether future-session degradation of an intracortical speech
decoder can be reduced without retraining its high-capacity recurrent sequence model.
Under a strictly chronological evaluation, adaptation confined to a 65,792-parameter
affine input transformation produced substantial and highly consistent recovery on
T12. Relative macro PER reductions were 11.37% with 40 labeled trials and 15.51%
with 80 trials, with every held-out T12 session improving under all three repeated cali-
bration seeds. The same frozen adaptation principle also improved aggregate decoding

10



on the independent T'15 dataset, particularly at the larger calibration budget, although
session-level responses were more heterogeneous.

The T12 results suggest that an important component of the mismatch between the
source decoder and these later recording sessions was expressed sufficiently close to the
neural input to be corrected without relearning the recurrent temporal representation
or phoneme classifier. This interpretation is consistent with previous work showing
that alignment of session-dependent neural representations can stabilize longitudinal
intracortical decoding [15]. It should not, however, be interpreted as evidence that the
biological processes underlying neural drift are inherently affine. The transformation
is better understood as a decoder-level correction that can compensate for a useful
fraction of the distribution shift encountered by the fixed sequence model.

The independent T15 evaluation provides an important boundary to this inter-
pretation. The K = 40 condition produced only a 2.72% reduction in macro PER,
and only half of the held-out sessions improved under all three calibration seeds.
With K = 80, the relative macro reduction increased to 10.05%, but the session-level
response remained less uniform than on T12. Neither T15 condition fell below the
nominal 0.05 reference threshold. The T15 result therefore argues against a universal
claim that a single low-capacity transformation can remove cross-session mismatch.
Instead, it indicates that the correctable fraction depends on both the target recording
session and the amount of calibration information available.

The error decomposition helps explain the budget dependence. On T12, both sub-
stitution and deletion rates decreased at the two budgets, and decoded sequence length
moved closer to the reference length. The K = 40 T'15 condition behaved differently:
a large decrease in deletion errors and substantial recovery of sequence length were
accompanied by increases in substitutions and insertions. With 80 calibration trials,
both substitution and deletion errors decreased. A larger labeled sample may there-
fore provide a more reliable estimate of the target-session input transformation when
the target distribution differs more strongly from the source distribution.

Validation ablations also support restricting the final update to the input trans-
formation. Affine-only and affine-plus-adapter calibration produced almost identical
validation PER values (0.295796 and 0.295989, respectively). The combined configu-
ration is therefore not shown to be inferior in a practically meaningful statistical sense.
The simpler affine-only protocol was selected because the additional residual adapter
did not improve the evaluated validation accuracy and introduced more trainable
parameters. This distinction is important because the study is not intended to estab-
lish affine adaptation as universally superior to more expressive parameter-efficient
methods. Rather, it tests how far a deliberately restricted input-space correction can
recover a pretrained decoder.

The restricted update also has practical computational implications. More than
99.95% of each source decoder remained frozen, and target-session optimization
required approximately 8 s on T12 and 20-23 s on T15 on the evaluated GPU.
Parameter-efficient calibration does not remove the need to collect labeled attempted-
speech examples, but it separates that calibration burden from the much larger
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computational cost of source-model training and full-model optimization. Such a sepa-
ration could be useful in future systems in which a stable sequence decoder is retained
over time while compact session-specific components are updated.

Several limitations constrain the conclusions. The study evaluates two public
intracortical speech datasets, each representing a single BrainGate2 participant, and
all analyses are offline. Generalization to additional participants, implant configu-
rations, longer recording periods, and closed-loop communication therefore remains
unknown. The calibration procedure is supervised and requires 40 or 80 labeled target-
session trials. The validation ablation compares restricted affine and adapter scopes
but does not exhaust the range of modern domain-adaptation or parameter-efficient
approaches. T12 and T15 also differ in native feature dimensionality, recording chronol-
ogy, and source-model construction, so the T15 experiment should be interpreted as
independent cross-dataset evaluation rather than a controlled single-factor replication.

Within these limitations, the results show that a meaningful component of decoder-
relevant future-session shift can be corrected with a very small fraction of the full model
parameters. The consistency observed on T12 and the more variable behavior observed
on T15 are both informative: restricted input-space adaptation can provide rapid
recovery when the target mismatch is compatible with the transformation, but greater
calibration data or more expressive adaptation may be required for more difficult ses-
sions. Future work should therefore evaluate label-efficient and label-free alternatives,
additional participants, and closed-loop longitudinal operation while preserving the
strict separation between adaptation development and genuinely future-session testing.

4 Methods
4.1 Study design

The study was designed to evaluate rapid adaptation to a later recording session while
preventing information from future sessions from influencing model or protocol devel-
opment. Complete recording sessions were therefore partitioned chronologically rather
than by randomly splitting individual trials. Earlier sessions were used for source-
model training, subsequent sessions were used for validation and protocol selection,
and the latest sessions were held out for final evaluation.

T12 served as the development dataset. Source-checkpoint selection, initializa-
tion auditing, adaptation-scope comparison, and calibration duration were completed
using its training and validation partitions before final T12 testing. T15 used a sep-
arately trained source decoder. The final target-session calibration scope, learning
rate, number of optimization steps, calibration budgets, and seed set selected during
T12 development were transferred to the T15 held-out evaluation without retuning in
response to T15 test performance.

4.2 Public intracortical speech datasets and ethics

The analyses used two publicly released intracortical attempted-speech datasets. T12
was released with the high-performance speech neuroprosthesis study of Willett et
al. [5, 23], and T15 was released with the rapidly calibrating speech neuroprosthesis
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study of Card et al. [7, 24]. No new neural recordings or participant recruitment were
performed for the present study.

Both datasets originated from participants enrolled in the BrainGate2 Neural Inter-
face System pilot clinical trial (ClinicalTrials.gov NCT00912041). The original T12
data collection was conducted under the US Food and Drug Administration Inves-
tigational Device Exemption G090003 and Stanford University Institutional Review
Board protocol 20804, and the participant provided informed consent. The original T15
study was conducted under the same BrainGate2 Investigational Device Exemption,
with Institutional Review Board approval from Mass General Brigham (2009P000505)
and the University of California, Davis (1843264), and informed consent was obtained
from the participant. The original studies report that research procedures were per-
formed in accordance with relevant institutional, regulatory, and ethical guidelines.
The present work consisted solely of secondary computational analysis of the publicly
released, de-identified datasets and included no new intervention or data collection.

4.3 Chronological data partitions

For T12, 24 recording sessions containing 9,680 labeled attempted-speech trials were
retained. The first 14 sessions (5,360 trials) formed the source-training partition, the
subsequent four sessions (1,560 trials) formed the validation partition, and the final six
sessions (2,760 trials) were held out for final evaluation. The training period extended
from April 28 to July 5, 2022. Validation sessions were recorded on July 14, July 21,
July 27, and July 29, and the held-out sessions were recorded on August 2, August
11, August 13, August 18, August 23, and August 25, 2022.

For T15, 45 sessions containing 9,498 labeled trials were retained. The first 31
sessions (6,972 trials) formed the training partition, the next six sessions (1,275 trials)
were used for validation, and the final eight sessions (1,251 trials) were reserved for
held-out evaluation. The held-out sessions were recorded on July 21 and July 28, 2024,
and January 10, January 12, March 14, March 16, March 30, and April 13, 2025.

Within a held-out session, the first K chronological trials were used for supervised
calibration and all remaining eligible trials were reserved for evaluation. For T15,
chronological trial order was reconstructed using the released recording-block identifier
and within-block trial index because dataframe storage order does not consistently
reproduce recording chronology.

No evaluation trial was used for gradient computation, source-checkpoint selection,
adaptation-scope selection, or calibration-hyperparameter tuning.

4.4 Neural features and target sequences

Each trial consisted of a variable-length neural feature sequence X; and an ordered
phoneme target sequence y;. T12 contains 256 neural features per time bin and T15
contains 512 features per time bin. The released feature representations were retained
without per-trial z-score normalization.

Temporal Gaussian smoothing with standard deviation o = 2 was applied in the

native feature space of each dataset. Let xid) € RP4 denote the native neural feature
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vector for dataset d at time t. The smoothed representation can be written as
—(d d
7= g2, (1)
T

where g, denotes the Gaussian smoothing kernel.

For T12, Dt = 256 and the smoothed representation enters the session-specific
affine transformation directly. For T15, D115 = 512 and the smoothed representation
is first mapped to a 256-dimensional calibration space using a learned bias-free bridge,

T15) ~(T15)

Uz(s = Wbridgcxt ) Wbridgc € R256X512~ (2)
The bridge is learned during T15 source-model training and remains frozen during
target-session calibration.

Both datasets use the same structural target space of 40 phoneme classes. Con-
nectionist temporal classification (CTC) blank is assigned index zero, producing 41
output classes in total.

4.5 Source decoder architecture

After native-space smoothing and the optional T15 input bridge, a session-specific
affine transformation maps the representation into the decoder input space,

he = Waug +bs, Wy € RPOX26 j ¢ R, (3)
For T12, u; = 5§T12).

A Softsign nonlinearity is applied to the affine output. Temporal context is then
constructed by unfolding 32 consecutive 256-dimensional feature vectors with stride
four, producing an 8,192-dimensional context vector for each recurrent step. The
unfolded sequence is processed by a five-layer bidirectional gated recurrent unit
(BiGRU) encoder with 1,024 hidden units in each direction per layer. Gated recur-
rent units provide recurrent state updates suitable for variable-length sequential
representations [25].

The final recurrent representation is projected to 41 logits,

on = Werezn + bere, (4)
where z,, denotes the final BIGRU representation. CTC is used because the frame-level

alignment between the neural sequence and target phoneme sequence is not observed
explicitly [26]. For target sequence y,

Pylx)= Y PX), ()

meB~(y)
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where 7 denotes an alignment path and B is the standard CTC collapse operation.
Source-model training and supervised target-session calibration minimize

Lcre = —log P(y| X). (6)

Separate source decoders were trained for T12 and T15. T15 was not obtained by
fine-tuning the T12 model.

4.6 Source-model training

Both source models were optimized using Adam [27] with learning rate 0.02, e = 0.1,
and weight decay 107°. A physical mini-batch contained four trials, and gradients were
accumulated across 16 mini-batches to produce an effective batch size of 64. bfloat16
(BF16) precision was used during source-model training.

Training examples were sampled across available source sessions to reduce domi-
nance by recording days containing more trials. Session-specific affine transformations
were optimized jointly with the shared recurrent decoder. For T15, the bias-free
512-t0-256 bridge was also learned during source training.

Neural augmentation was applied only during source-model training. For native
neural vector x;, the augmented representation was

aug

Tyt =x+ €+ ¢ (7)

where €, is time-varying white Gaussian perturbation with standard deviation 0.8 and
¢ is a trial-level constant feature offset sampled with standard deviation 0.2. Augmen-
tation preceded temporal smoothing and was disabled during validation, target-session
calibration, and held-out evaluation.

Checkpoint selection used only validation-session PER. The selected T12 check-
point was optimizer step 7,750 (validation PER 0.314116), and the selected T15
checkpoint was step 11,750 (validation PER 0.395386).

4.7 Validation-only selection of adaptation scope

Three restricted target-session parameter scopes were evaluated on T12 validation
sessions:
®adapt € {Gaﬂ"me» 6adaptera Gaﬂine U @adapter} . (8>
The affine-only condition updates the target-session affine weight and bias. A
compact residual adapter was considered as a validation ablation. If h; denotes the
representation entering this component, the adapted representation is

{0 = hy + Ag(he), 9
where Ay is the trainable residual transformation.
Validation PER was 0.307066 for adapter-only calibration, 0.295796 for affine-

only calibration, and 0.295989 for joint affine-plus-adapter calibration. Affine-only
calibration was selected because it achieved the lowest evaluated validation PER while
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requiring fewer parameters than the combined scope. The residual adapter is therefore
an ablation component and is not present in final T12 or T15 held-out calibration.

Optimization duration was subsequently selected using the validation data, with
the lowest evaluated value obtained at 200 steps. Both adaptation scope and duration
were fixed before final held-out testing.

4.8 Initialization of an unseen target session

A held-out future session does not have a previously learned affine transformation.
Its initial affine parameters were therefore formed from the elementwise mean of the
affine weights and biases associated with the last three source-training sessions:

1< 1<
Winie = 5> Ways  binie = 3D by, (10)

Jj=1 Jj=1

The same initialization was used for the unadapted baseline and as the starting
point for target-session calibration. A fresh copy was created for every held-out ses-
sion, calibration budget, and random seed; parameters were never carried from one
condition to another.

4.9 Future-session affine calibration

For each held-out session s, the first K chronologically ordered labeled trials formed
the calibration set,

Cox = {(Xi,y) YK, K € {40,80}. (11)

The remaining eligible trials formed the evaluation set & .
Only the target-session affine parameters {Wea1, bea1 } Were optimized:

05 x =arg min E Lore(Xi, yi)- (12)
{Weal,bea1}
(Xi,9:)€Cs K

The recurrent encoder and CTC classifier remained frozen. The T15 input bridge
also remained frozen. The number of trainable parameters was therefore

256 x 256 + 256 = 65, 792 (13)

for both datasets.

Calibration used Adam with learning rate 0.001, ¢ = 0.1, zero weight decay, 200
optimizer steps, batch size four, and gradient-norm clipping at five. Neural augmen-
tation was disabled. Calibration examples were sampled with replacement so that
optimization duration remained fixed for both budgets.

Three calibration seeds (0, 1, and 2) were evaluated. The source checkpoint, initial-
ization, calibration trials, hyperparameters, and evaluation trials were identical across
seeds; only the stochastic sampling order of calibration examples differed.
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For T15, a predeclared minimum of 40 trials was required to remain for evaluation.
All eight sessions were therefore eligible at K = 40. At K = 80, six sessions remained
eligible. The March 14, 2025 session would have left only three evaluation trials, and
the April 13, 2025 session only 14, so these sessions were excluded from the K = 80
analysis independently of their decoding performance.

4.10 Phoneme decoding and evaluation metrics

The primary analysis used greedy phoneme-level CTC decoding, thereby exclud-
ing downstream language-model correction from the calibration comparison. At each
recurrent step,

T = argmcaxP(c|X, n), (14)

and the final phoneme sequence was obtained by applying the standard CTC collapse
operator B.
For a reference phoneme sequence and prediction, PER was defined as

D+1
ppr— 2P+ 1 (15)
Non

where S, D, and I denote substitution, deletion, and insertion counts and Npy, is the
number of reference phonemes.
The primary dataset-level summary was macro PER,

M
1
PERmaco = — 3 PER,, 16
i ; (16)

which assigns equal weight to each eligible held-out session. Complementary pooled
PER was computed from total edit errors and total reference phonemes across the
eligible evaluation set.

Relative improvement was calculated as

PERbefore — PERfter

Aol = 100
: PERbefore

(17)

Sequence-length behavior was measured using the decoded-to-reference phoneme-
length ratio,
Ziefs,K |yl‘

ZieSS,K Iyz‘ .
Values below one indicate that decoded sequences are shorter than the references.
This diagnostic was interpreted together with explicit deletion rate rather than as an
independent accuracy measure.

For T12, substitution, deletion, insertion, and length-ratio diagnostics were pooled
across eligible sessions. For T15, these quantities were computed separately by session,
averaged across calibration seeds, and then macro-averaged across eligible sessions.

(18)

Tlen,s =
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4.11 Statistical analysis

The unit of paired statistical analysis was the held-out recording session, rather than
individual trials or calibration seeds. For each session and budget, the post-calibration
PER was first averaged over the three calibration seeds and paired with its corre-
sponding before-calibration PER. This prevents repeated stochastic calibrations of the
same recording session from being treated as statistically independent observations.

Because the numbers of held-out sessions were small and no normality assumption
for session-level PER differences was justified, an exact two-sided Wilcoxon signed-
rank test was applied to

8,5 = PER2E" — PERDSO™. (19)

The independent session counts were n = 6 for both T12 budgets, n = 8 for T15
at K = 40, and n = 6 for T15 at K = 80. Exact two-sided p values are reported.
Four prespecified dataset—budget tests were evaluated. No multiplicity-adjusted con-
firmatory inference is claimed; the p values are therefore treated as nominal inferential
summaries and interpreted together with effect size, direction of session-level changes,
all-seed consistency, and macro and pooled PER. A nominal @ = 0.05 threshold is
used only as a descriptive reference.

Across-seed variability of the post-calibration macro PER is reported as the sample
standard deviation over the three calibration seeds.

4.12 Computational analysis and reproducibility

Parameter efficiency for dataset d was calculated as

N, adapt

=100
pd Nmodel,d

: (20)

where Naqapt = 65,792. Calibration duration was recorded for every eligible held-
out session and seed, and peak allocated GPU memory was measured during each
calibration run.

Experiments were implemented in Python using PyTorch [28] and CUDA acceler-
ation. Final computational measurements were obtained using an NVIDIA GeForce
RTX 4060 GPU. Source data, chronological partitions, final analysis tables, plotting
scripts, and reproducibility documentation are described in the public repository cited
below. The immutable release associated with this manuscript fixes the submitted
implementation and final numerical artifacts.

4.13 Use of artificial intelligence-assisted tools

ChatGPT and Codex (OpenAl) were used as software-development and writing-
support tools for selected code drafting, debugging, reproducibility documentation,
manuscript organization, and language refinement. All experimental protocols, chrono-
logical partitions, model configurations, numerical analyses, statistical procedures,
figures, and reported results were executed, reviewed, and verified by the authors
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against the saved experimental artifacts. Scientific conclusions and final interpretive
judgments were made by the authors, who take full responsibility for the content of
the manuscript.

Data availability The T12 intracortical speech dataset analysed in this study is
publicly available through the Dryad Digital Repository under https://doi.org/10.
5061 /dryad.x69p8czpq. The T15 dataset is publicly available through Dryad under
https://doi.org/10.5061/dryad.dncjsxm85. No new human-participant data were col-
lected for the present study.

Code availability Source code and reproducibility resources for neural
data preprocessing, source-model training, validation-only protocol selec-
tion, target-session calibration, held-out evaluation, statistical analysis,
and figure generation are publicly available at https://github.com/roy056/
rapid-cross-session-ibci-calibration. The version corresponding to this manuscript is
preserved as the immutable release v1.0.0-paper-submission, targeting commit
d867b99f3cffc3b9462097201038fe804bfeac7d.
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