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Abstract

Surface electromyography (sSEMG) offers a
promising path toward private and wearable
text input, but accurate typing transcription
remains challenging due to strong cross-user
and cross-session variability. We propose a
beam-aware SEMG typing framework that con-
nects an improved Connectionist Temporal
Classification (CTC)-based frontend with a
large language model (LLM) corrector through
beam-ordered candidate lists. As a standalone
SEMG decoder, our CNN—Conformer frontend
achieves the best reported performance among
compared published emg2qwerty systems un-
der the standard full-session frontend proto-
col, reaching 19.94% generic character error
rate (CER) and 3.43% personalized CER. For
LLM correction, we use a separate windowed
hypothesis-export protocol, where the fron-
tend’s top-10 CTC hypotheses are provided
to a fine-tuned LLM together with a rank-1
baseline. Under this within-protocol compari-
son, the LLM reduces session-level CER from
22.56% to 19.65% in the generic setting and
from 3.42% to 2.01% after personalization.
The top-10 oracle results further show that the
beam contains recoverable information beyond
the rank-1 output. These results demonstrate
that a stronger SEMG frontend and beam-aware
LLM correction can be combined effectively
for sSEMG-to-text transcription.

1 Introduction

Decoding typed text from wrist surface electromyo-
graphy (sEMG) is a sensor-to-text transcription
problem: the input is continuous neuromotor ac-
tivity, and the output is the character sequence
typed by the user. In the emg2qwerty dataset, users
type prompted text on a QWERTY keyboard while
wearing two 16-channel sEMG wristbands, and
the task is to recover the typed character sequence
from dual-wrist SEMG (Sivakumar et al., 2024).
This setting is promising for private and wearable
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text input in augmented reality and virtual real-
ity (AR/VR), but remains difficult because SEMG
varies strongly across users and sessions, and the
decoder must handle continuous character-level
transcription with keyboard-specific events such
as backspace.

Recent work on emg2qwerty has mainly focused
on improving the first-pass SEMG decoder. The
original baseline uses automatic speech recogni-
tion (ASR) style Connectionist Temporal Classi-
fication (CTC) training with a backspace-aware
beam decoder and a character-level language
model (Sivakumar et al., 2024). Later systems im-
prove cross-user transcription through raw-sEMG
Transformer scaling (Mehlman et al., 2025) and bi-
lateral encoder designs (Hadidi et al., 2025). These
methods show that stronger frontends are essential
for robust SEMG typing. However, generic cross-
user transcription remains much harder than per-
sonalized transcription, and rank-1 decoder outputs
still contain character substitutions, word-boundary
errors, and local spelling mistakes.

This motivates language-level correction af-
ter first-pass decoding. Large language models
(LLMs) provide strong lexical and contextual pri-
ors, but unlike ASR post-corrections, SEMG typing
requires exact recovery of the typed sequence, in-
cluding punctuation, spacing, spelling choices, and
possible non-standard strings. If the LLM only
receives a noisy rank-1 transcript, especially in
the generic setting, it may produce fluent text that
is not supported by the signal decoder. Correction
therefore needs access to candidate alternatives pro-
duced from the same SEMG input.

We use the CTC beam as this candidate interface
between the SEMG frontend and the LLM. Instead
of correcting only the rank-1 output, the LLM re-
ceives beam-ordered candidate lists generated from
the same local windows together with a separate
rank-1 baseline. Candidate alternatives can contain
useful characters or word fragments that are miss-
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ing from the best beam output. The LLM can then
use these candidate alternatives together with the
rank-1 baseline to correct the frontend output.

Our system has two stages. First, a compact
raw-sEMG convolutional neural network (CNN)—
Conformer frontend is trained with CTC to pro-
duce frame-level character probabilities. It uses
split-and-share bilateral encoding and keyboard-
state auxiliary supervision to improve first-pass
transcription and produce beam-ordered CTC can-
didate lists. Second, a beam-aware LLM correc-
tor receives the top-10 beam candidates from non-
overlapping three consecutive windows together
with a separate rank-1 baseline and is fine-tuned to
output the corrected chunk transcript. This chunk-
level design provides local context while keeping
the prompt length practical for online text input.

Empirically, our CNN—Conformer frontend pro-
vides a stronger first-pass SEMG decoder, while the
beam-aware LLM corrector further improves local
transcription by using alternative CTC hypotheses
rather than relying only on the rank-1 output. Abla-
tions show that multiple beam candidates, adjacent-
window context, and task-specific fine-tuning are
all important for reliable correction. These results
suggest that exposing CTC beam hypotheses is
an effective way to connect sSEMG decoding with
language-level correction.

Our contributions are:

* We propose a beam-aware sEMG typing
framework that connects a CTC-based sig-
nal frontend with an LLM corrector through
beam-ordered CTC candidate lists generated
from the same sEMG input.

* We propose a CNN—Conformer sEMG en-
coder as hypothesis generator, achieving
state-of-the-art first-pass transcription perfor-
mance on emg2qwerty while producing beam-
ordered candidate lists for correction.

* We show that hypothesis-based LLM correc-
tion further improves transcription accuracy
by reducing character and word level errors,
and analyze how beam size, local context, and
fine-tuning affect correction performance.

2 Related Work

sEMG typing connects neuromotor signal mod-
eling with text transcription. We review related
work on sEMG recognition benchmarks, recent

emg2qwerty transcription systems, and language-
model correction methods that use decoder uncer-
tainty.

sEMG Benchmarks and Sensor-to-Text Tran-
scription Public SEMG benchmarks have tradi-
tionally focused on gesture classification, pose
estimation, or motor-control-oriented decoding.
Datasets such as NinaPro (Atzori et al., 2014),
CSL-HDEMG (Amma et al., 2015), CapgMyo (Du
et al., 2017), putEMG (Kaczmarek et al., 2019),
and emg2pose (Salter et al., 2024) typically map
an electromyography (EMG) segment to a fixed
gesture label, action class, or hand-pose estimate.
Recent multi-user benchmarks further emphasize
discrete recognition, out-of-distribution general-
ization, and cross-user or cross-session adaptation
(Eddy et al., 2024; Yang et al., 2024). Wrist-sEMG
typing poses a different sequence transduction prob-
lem: continuous signals must be converted into
ordered character sequences while preserving lo-
cal timing and keyboard-specific editing events
such as backspace. This makes the task closer to
ASR-style transcription than to conventional ges-
ture classification, and motivates treating SEMG
typing as a sensor-to-text transcription problem
(Sivakumar et al., 2024). A related line of work
studies noisy text entry in augmentative and alter-
native communication (AAC), where neural noisy-
channel language models help recover intended text
from noisy brain-computer interface typing signals
(Dong et al., 2019).

sEMG Typing Transcription on the emg2qwerty
Dataset The emg2qwerty benchmark established
the first large-scale public setting for wrist-sSEMG
typing, with 1,135 sessions from 108 users and
baselines for both generic and personalized decod-
ing (Sivakumar et al., 2024). Its baseline uses a
Time Depth Separable ConvNet (TDS) model with
CTC training, a 6-gram character language model
(LM), and a backspace-aware beam-search decoder.
However, the generic model remains above 50%
character error rate (CER) on unseen users, while
finetuned personalized models are much stronger,
highlighting severe cross-user shift. SplashNet
improves cross-user transcription through Rolling
Time Normalization (RTN), aggressive channel
masking, and a split-and-share encoder that reflects
the bilateral structure of typing (Hadidi et al., 2025).
Beyond typing-specific architectures, Mehlman
et al. (2025) show that raw-sEMG Transformer
models can scale effectively and be distilled into
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Figure 1: Overview of the proposed beam-aware SEMG transcription pipeline. The CNN—Conformer frontend maps
raw sEMG to CTC logits and decodes each window into a beam-ordered CTC candidate set. The CTC hypothesis
interface exports top-20 beam hypotheses from consecutive windows and passes the top-10 candidates from each
window to the LLM corrector. The LLM adapted with low-rank adaptation (LoRA) then performs local correction
using beam-ordered candidate lists together with the concatenated rank-1 baseline.

much smaller models with little loss, suggesting
that stronger raw-signal encoders are a promising
direction for robust SEMG modeling.

MyoText introduces a hierarchical SEMG-to-text
pipeline that predicts finger activations, applies er-
gonomic QWERTY typing priors to infer possi-
ble letters, constructs candidate words, and uses
a fine-tuned TS5 decoder for sentence reconstruc-
tion (Chowdhury et al., 2026). By reducing the
decoding search space, MyoText reports strong
results on a 30-user subset of emg2qwerty, with
85.4% finger-classification accuracy, 5.4% CER,
and 6.5% word error rate (WER). This demon-
strates the benefit of combining signal-related struc-
ture with language-level decoding. Our work stud-
ies a complementary setting: we keep the continu-
ous, open-vocabulary, character-level CTC formu-
lation used in prior emg2qwerty systems. Because
MyoText uses a different subset and intermediate
supervision, its numbers are not directly compara-
ble to the official full-session emg2qwerty bench-
mark.

Hypothesis-Aware Language Model Correction
Language models have long been integrated into
ASR through beam decoding and rescoring, while
recent post-correction methods use neural sequence
editors, pretrained encoder—decoder models, or
LLMs to repair recognition errors (Leng et al.,
2021; Ma et al., 2023; Yang et al., 2023; Hu et al.,
2024; Ma et al., 2025). Compared with 1-best
correction, N-best correction exposes multiple de-

coder hypotheses to the correction model, provid-
ing richer alternatives from the ASR search space
and often improving robustness (Ma et al., 2023;
Hu et al., 2024; Ma et al., 2025). At the same
time, generative correction can introduce unsup-
ported rewrites: an LLM may produce fluent text
that is not supported by the underlying signal, es-
pecially when the decoded transcript is noisy or
out of domain (Hu et al., 2024; Ma et al., 2025).
Our work adapts this hypothesis-aware correction
paradigm to sSEMG typing. Instead of correcting
only the rank-1 CTC output, the LLM receives
top-10 CTC hypotheses from three adjacent SEMG
windows. These signal-derived candidates serve
as an explicit interface between the SEMG decoder
and the LLLM, allowing the corrector to select, com-
bine, and minimally revise alternatives produced
by the frontend.

3 Method

3.1 Task Definition and System Overview

We study character-level transcription from
dual-wrist SEMG using the public emg2qwerty
dataset (Sivakumar et al., 2024). The dataset con-
tains 1,135 typing sessions from 108 users, with
synchronized left- and right-wrist SEMG signals
and timestamped keystroke annotations. In each
session, users type prompted English text on a QW-
ERTY keyboard; the prompts consist of sampled
words and Wikipedia sentences, and the annota-
tions record the actual typed keystrokes, including
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corrections such as backspace. Following the offi-
cial split, 100 users are used for training and valida-
tion, and 8 held-out users are used for evaluation.

For each window, the input is a raw SEMG seg-
ment X € RT*2x16 where the two bands corre-
spond to the left and right wrists and each band
contains 16 electrode channels. The target is a
character sequence Y = (y1, ..., yu) over the key-
board character set. The goal is to recover the typed
text from continuous raw SEMG signals.

Our system follows a two-stage pipeline, as
shown in Figure 1. The first stage is a CNN—
Conformer CTC frontend that maps raw sEMG
windows to frame-level character posteriors and
decodes them with beam search. The second stage
is a beam-aware LLM corrector that receives local
CTC hypothesis sets and produces a corrected tran-
script. The connection between the two stages is
described in Section 3.3.

3.2 Signal Transcription Frontend
3.2.1 Raw EMG Input and Preprocessing

The frontend operates on raw dual-wrist sSEMG
sampled at 2000 Hz. Each training example uses
a 4-second core window with 900 ms past con-
text and 100 ms future context, following the
emg2qwerty baseline. We apply the same band
rotation and temporal alignment jitter augmenta-
tions to improve robustness to armband placement
shifts and small left-right timing offsets.

3.2.2 Multi-Scale Raw EMG Frontend

We use a multi-scale convolutional frontend to en-
code local EMG patterns from the time-domain sig-
nal. The first layer contains three parallel 1D con-
volution branches with kernel sizes 7, 11, and 15,
followed by instance normalization and a rectified
linear unit (ReLU). Their outputs are concatenated
and fused with a 1 x 1 convolution. Two additional
convolution layers downsample the signal with a to-
tal stride of 20, producing a roughly 100 Hz feature
sequence for the Conformer encoder.

3.2.3 Split-and-Share Conformer Encoder

We use a split-and-share encoder inspired by
SplashNet (Hadidi et al., 2025). The left and right
wrist streams are processed separately with shared
CNN-Conformer weights, which encourages a
common wrist-level representation while preserv-
ing hand-specific information before fusion. Com-
pared with SplashNet, we apply split-and-share
encoding directly to raw EMG and replace the

TDSConv (Hannun et al., 2019) encoder with a
Conformer encoder (Gulati et al., 2020). The two
encoded streams are concatenated and projected to
character logits for CTC training. Unless otherwise
stated, the Conformer uses 6 layers, hidden size
256, 16 attention heads, feed-forward size 1024,
kernel size 15, and dropout 0.2.

3.2.4 CTC Training Objective and
Keyboard-State Auxiliary Supervision

We train the main transcription branch with the
standard CTC objective (Graves et al., 2006). To
provide local typing-state supervision, we add aux-
iliary heads that predict hand-specific keyboard-
position classes and binary typing activity from
downsampled encoder frames.

The total loss is:

L= ECTC + )\posﬁpos + )\actﬁact- (1)

Here, £, combines the left and right hand po-
sition losses, and L, is the typing-activity loss.
The auxiliary heads are used only during training.
We set A\pos = 0.29 and A,y = 0.01, which were
selected based on a hyperparameter sweep.

3.2.5 CTC Beam Search

At inference time, we use a backspace-aware CTC
beam-search decoder following the emg2qwerty
baseline. The decoder combines CTC prefix scor-
ing with an external 6-gram character (Heafield,
2011) language model and explicitly handles
backspace tokens, which are modeled as an explicit
CTC label (Appendix A.4). For standard frontend
benchmarking, we follow prior work and decode
the test session as a whole. For LLM correction,
the same decoder is applied to local windows so
that the top-20 beam hypotheses can be exported
continuously.

3.3 CTC Hypothesis Interface

The CTC beam serves as the interface between
the sSEMG frontend and the LLM corrector. For
each 4-second window, we export the top-20 CTC
beam hypotheses as a beam-ordered candidate list.
Before export, backspace operations are applied
to the hypotheses and the backspace tokens are
removed, so that the LLM receives the displayed
text (Appendix A.4). Candidates are presented
in descending beam order, but we do not expose
numerical rank labels or beam scores to the LLM.
In addition, we provide the concatenation of the
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rank-1 hypotheses from the three windows as a
separate rank-1 baseline for correction.

For LLM correction, we group three non-
overlapping consecutive windows into one chunk.
The prompt contains the top-10 hypotheses from
each window as beam-ordered candidate lists, to-
gether with the concatenated rank-1 baseline. The
LLM is trained to produce the corrected transcript
for the whole chunk, allowing it to use nearby con-
text while keeping the prompt short enough for
local correction.

Although correction is performed chunk by
chunk, evaluation is conducted after reconstructing
full sessions. We concatenate the chunk outputs in
temporal order and compute CER/WER on the re-
constructed session-level sequences. This reduces
boundary artifacts from fixed window segmenta-
tion while preserving the local inference setting
used by the LLM.

3.4 Beam-Aware LLM Correction
3.4.1 Training Objective and Fine-Tuning

Given the chunk-level input described in Sec-
tion 3.3, the LLM is trained to generate the ref-
erence transcript for the whole chunk. We use
causal language modeling loss only on the assistant
response, masking all prompt tokens.

We fine-tune instruction-tuned Qwen models
with low-rank adaptation (LoRA) adapters (Hu
et al., 2022) while keeping base weights frozen.
Our main model is Qwen3.5-9B (Qwen Team,
2026), and smaller variants are used for ablations.
We use rank » = 16, a = 32, dropout 0.05, maxi-
mum sequence length 4096, and deterministic de-
coding with temperature 0.0. Reasoning-mode gen-
eration is disabled, and all models are trained and
evaluated with direct text outputs.

3.4.2 Training Data Mixing

Training beams are much cleaner than held-out
test beams, which can cause a mismatch for LLM
fine-tuning. We therefore construct LLM training
data from three beam pools generated by differ-
ent checkpoints of the same frontend: standard,
degraded, and severely degraded, with CERs of
6.21%, 13.25%, and 24.20%. During training,
chunks are sampled from these pools with prob-
abilities 0.2, 0.3, and 0.5, respectively.

3.4.3 Prompt Constraints

The prompt constrains the LLM to act as a beam-
aware corrector. It instructs the model to output

only the corrected text for all windows concate-
nated, use the rank-1 baseline as the editing start-
ing point, and modify it only when other beam
candidates provide clear evidence. The model is
also instructed to preserve punctuation, spacing,
and angle-bracketed tokens, avoid adding or delet-
ing unsupported characters, and copy the rank-1
baseline when the beam is ambiguous.

At generation time, we further enforce this be-
havior with deterministic decoding and by blocking
common prompt-format strings such as window
headers, bullet markers, and boundary tags. This
keeps the correction output anchored to the beam
candidates and prevents the model from echoing
the prompt structure.

During fine-tuning, we randomly shuffle the can-
didate list within each window as data augmenta-
tion while keeping the rank-1 baseline fixed. This
prevents the model from relying only on candidate
position and encourages it to compare alternatives
against the rank-1 baseline. At inference time, can-
didates are shown in their original beam order, but
no explicit rank labels or beam scores are provided.

3.5 Beam-Aware Output Filter

We apply a lightweight output filter to catch rare
invalid generations. The filter rejects outputs
with prompt leakage, assistant-format artifacts, ex-
treme length expansion or collapse, or low-support
rewrites. In the last case, the candidate is accepted
only if it remains sufficiently close to the rank-1
baseline or if its word forms are sufficiently sup-
ported by the top-k candidate vocabulary; other-
wise the output falls back to rank-1. Detailed fil-
ter rules and thresholds are described in the Ap-
pendix A.8. In practice, the filter mainly acts as a
safeguard for smaller or untuned LL.Ms, while the
fine-tuned main corrector rarely triggers fallback.

4 Results

4.1 Experimental Setup and Evaluation
Protocol

We evaluate all models on the default emg2qwerty
user split. In the generic setting, a single model is
trained on 100 users and tested zero-shot on § held-
out users. In the personalized setting, the generic
frontend is further fine-tuned separately for each
held-out user and evaluated on that user’s held-out
sessions. The LLM corrector is trained only on the
100-user training split and is shared across both
generic and personalized frontend outputs.
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Generic CER (%) | Personalized CER (%) |

Method Params
Greedy Beam Greedy Beam

emg2qwerty baseline (Sivakumar et al., 2024) 5.29M 55.38+4.10 51.78+4.61 11.28+4.45 6.95+3.61
SplashNet (Hadidi et al., 2025) 2.58M 44.78 35.67+6.79 12.39 5.514+2.81
Tiny Transformer (Mehlman et al., 2025) 2.2M 359 - 9.7 -
Small Transformer (Mehlman et al., 2025) 5.4M 35.2 - 7.9 -
Large Transformer (Mehlman et al., 2025) 109M 30.5 - 6.8 -
Ours: CNN—Conformer 9.8M 33.40+6.16 24.14+7.31 8.01+3.24 4.75+£2.27

+ Multi-scale CNN 9.8M 32.59+5.96 23.70+7.28 8.21£3.19 4.76+2.32

+ Split-and-share encoder 9.8M 30.58+6.57 20.92+7.72 6.59+2.29 3.46+1.33

+ Keyboard-state auxiliary supervision 9.8M 29.58+5.80 19.9446.38 6.4542.40 3.43+1.44

Table 1: Full-session frontend benchmark on emg2qwerty. Each test session is decoded as a whole, matching the
standard protocol used by prior frontend systems. Lower CER is better. Transformer baselines are shown with
published greedy metrics only. Our variants are cumulative. Where available, & denotes the standard deviation
across the eight held-out users. The first three variants are single-seed runs, while the final row is averaged over
three random seeds: each held-out user’s CER is first averaged across the three seeds, and the mean and standard
deviation are then computed over the eight seed-averaged user scores.

We report two protocol-specific evaluations. Ta-
ble 1 follows the standard full-session frontend
benchmark used by prior emg2qwerty systems:
each test session is decoded as a whole using
backspace-aware CTC beam search with an exter-
nal character LM. This protocol evaluates first-pass
frontend transcription quality and enables compari-
son with published frontend systems.

Table 2 uses a separate windowed hypothesis-
export protocol for LLM correction. The frontend
decodes each 4-second window locally, exports
the top-20 CTC hypotheses, and the LLM corrects
chunks of three non-overlapping consecutive win-
dows using the top-10 candidates from each win-
dow. Corrected chunk outputs are concatenated
back into complete sessions before scoring.

Because these protocols use different decoding
contexts, the two tables should not be read as a
single leaderboard. LLM correction is compared
only with the windowed rank-1 frontend output
produced under the same hypothesis-export pro-
tocol. We report Character Error Rate (CER) as
the primary metric, together with Word Error Rate
(WER), which treats typed Enter events as word
boundaries, and substitution, deletion, and inser-
tion rates for error analysis.

4.2 Main Frontend Transcription Results

Table 1 compares frontend transcription results un-
der the full-session benchmark protocol. We in-
clude the original emg2qwerty baseline, Splash-
Net (Hadidi et al., 2025), and raw-EMG Trans-
former scaling results from Mehlman et al. (2025).
Transformer rows are shown only for greedy decod-

ing because beam-search results are not reported.

Our frontend variants are cumulative. The multi-
scale CNN mainly improves generic transcription,
while split-and-share encoding and keyboard-state
auxiliary supervision bring the largest gains across
both generic and personalized settings. The full
frontend achieves the best reported full-session
CER among the compared systems. Under greedy
decoding, it also outperforms the 109M-parameter
Large Transformer while using far fewer parame-
ters.

These results establish the frontend as a strong
first-pass decoder and hypothesis generator. We
next evaluate whether its exported window-level
CTC beam hypotheses can improve LLM-based
correction under the windowed hypothesis-export
protocol.

4.3 Beam-Aware LLM Correction Results

Table 2 evaluates LLM correction under the win-
dowed three-window protocol. All rows use
session-level scoring: outputs from corrected
chunks are concatenated back into complete ses-
sions before CER/WER is computed. The win-
dowed rank-1 frontend baseline is different from
the full-session frontend result because the decoder
has shorter local context and hypotheses must be
exported per window. We therefore compare cor-
rection gains only against the corresponding win-
dowed rank-1 baseline.

The untuned Qwen3.5-9B model fails to im-
prove over the windowed rank-1 baseline even af-
ter output filtering, showing that direct prompting
is unreliable for noisy sEMG transcripts. After
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task-specific fine-tuning, Qwen3.5-9B improves
both CER and WER in the generic and personal-
ized settings, with larger relative gains in WER.
This trend is also consistent at the per-user level,
see Appendix Figure 4. This suggests that the fine-
tuned LLM more often converts noisy transcripts
into correct word-level outputs. A two-sided ex-
act paired sign-flip permutation test on user-level
CER confirms the gain for all eight held-out users
in both settings (p = 0.0078 each; the values are
identical because all eight paired differences have
the same direction).

As a smaller encoder—decoder baseline, we fully
fine-tune a Flan-T5-base corrector (Chung et al.,
2024) on the same beam inputs, context, training
data, filter, and protocol. It improves WER only
modestly, does not consistently improve CER, and
passes the output filter less often in the generic and
personalized settings (32.3% and 79.0%, respec-
tively) than Qwen3.5-9B (99.3% and 99.9%). The
gains therefore do not follow from adding another
supervised N-best corrector; task-specific adapta-
tion and model capability both matter.

We also test a matched setting where the LLM
corrects full-session decoding output directly, using
timestamp-segmented full-session transcripts as the
rank-1 input and window-level top-10 hypothe-
ses as local evidence (Appendix A.5). The fine-
tuned LLM reduces CER from 20.07% to 18.61%
(generic) and from 2.85% to 2.40% (personalized),
so correction improves the strongest frontend out-
put rather than only compensating for windowed
decoding.

We also report top-10 candidate-selection ora-
cles, which independently select the best candidate
for each window from its top-10 beam hypotheses
according to CER or WER. The selected window
outputs are then concatenated for session-level scor-
ing. These oracles estimate how much recoverable
information remains in the beam hypotheses be-
yond the rank-1 transcript. The oracle results show
that useful alternatives are often present below rank
1, leaving headroom for better correction models.
Because the oracle is restricted to selecting one
candidate per window, it should not be interpreted
as an upper bound for generative LLM correction;
the LLM can combine and locally revise candidates
rather than only choose one beam hypothesis. User-
level standard deviations are reported in Appendix
Table 6.

Figure 2 shows that substitutions dominate both
CER and WER, especially in the generic setting.

Generic (%) Personalized (%)

Method

CER | WER | CER| WER |
Windowed rank-1 22.56 58.86 3.42 17.51
Untuned Qwen3.5-9B 22.66 60.15 3.72 18.35
Fine-tuned Flan-T5-base 22.54 57.35 3.60 15.32

Fine-tuned Qwen3.5-9B 19.65
Top-10 Candidate Oracle 16.16

44.09 2.01 9.11
47.68 1.18 7.11

Table 2: Beam-aware LLM correction under the win-
dowed protocol with session-level scoring. All rows use
the same windowed hypothesis-export setting; the win-
dowed rank-1 is the within-protocol baseline for measur-
ing LLM correction gains. The Flan-T5-base corrector
uses the same beam inputs, context, training data, out-
put filter, and protocol as fine-tuned Qwen3.5-9B. The
top-10 candidate oracle selects the best candidate per
window from its top-10 hypotheses, separately for CER
and WER.

The untuned LLM barely changes the error profile
relative to the baseline, while the fine-tuned LLM
mainly reduces substitution errors, leading to larger
relative improvements in WER than CER. This
suggests that many corrected character-level errors
affect whole-word recognition.

Appendix Table 13 provides representative cor-
rection examples. Successful cases show that the
LLM usually makes local edits rather than rewrit-
ing the whole chunk: it preserves reliable parts of
the rank-1 baseline, while using candidate alterna-
tives to recover missing characters, word fragments,
or spacing patterns. Adjacent-window context is
also useful when the correct word form is ambigu-
ous within a single window. Failure cases typically
occur when the beam evidence is weak or ambigu-
ous, in which case the LLM may prefer a more
fluent phrase that is plausible linguistically but in-
consistent with the exact typed reference. These ex-
amples support the use of beam hypotheses as cor-
rection evidence, while also showing the need for
stronger beam-support constraints. An edit-level
analysis of all LLM insertions and substitutions
(Appendix A.11) confirms that beam-supported ed-
its are far more reliable than unsupported ones,
with punctuation changes the main source of un-
supported harmful edits in the generic setting.

The beam-aware output filter has little effect on
the fine-tuned Qwen3.5-9B corrector, whose out-
puts pass the filter in 99.3% of generic examples
and 99.9% of personalized examples. As shown
in Appendix Table 10, the filter mainly acts as a
safeguard for weaker or untuned correctors, sub-
stantially reducing severe generation failures.
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Figure 2: Error breakdown under the windowed three-
window protocol with session-level scoring. Untuned
and Fine-tuned denote the Qwen3.5-9B corrector before
and after task-specific fine-tuning, matching Table 2.
Oracle selects the best candidate per window from its
top-10 beam hypotheses according to CER or WER.
Bars are decomposed into substitutions, deletions, and
insertions.

4.4 Does the LLM Memorize Training
Phrases?

Since some words and phrases in the test set also
appear in the training set, a possible concern is that
the fine-tuned LLM corrector may benefit from
memorizing training phrases rather than learning
correction strategy. To examine this concern, we
compute the maximum character 10-gram overlap
between test windows and any training reference.
The overlap score measures the fraction of test
character 10-grams that also appear in the most
similar training reference. The test inputs are then
split by the median overlap score.

Table 3 shows that the corrector improves both
low and high overlap groups. The average over-
lap scores are 0.067 and 0.221 for the low and
high overlap groups, respectively, indicating that
even the high overlap group is not dominated by
duplicate training phrases. The larger gain in the
high overlap group suggests that lexical familiarity
can help correction, while the improvement on low
overlap inputs indicates that the overall gains are
not explained solely by memorized or duplicate
training phrases.

Table 4 reports exact token error rates on rare
and task-unseen reference tokens, grouped by to-
ken frequency in the corrector’s fine-tuning ref-
erences (task-unseen tokens never appear there,

Subset Mean overlap Rank-1 CER LLM CER
Low overlap 0.067 23.22 21.25
High overlap 0.221 22.21 18.37

Table 3: Generic CER by training-reference overlap.
Each test input is grouped by its maximum character
10-gram overlap with any training reference.

Generic (%)  Personalized (%)

Token subset n

Rank-1 LLM Rank-1 LLM
Task-unseen 594  90.9 86.7 52.0 51.0
Rare (1-5) 330 80.6 61.5 31.5 18.2

Table 4: Exact token error rate (percentage of reference
tokens not recovered exactly) on rare and task-unseen
tokens, grouped by token frequency in the LLM fine-
tuning references. Task-unseen tokens never occur in
those references; rare tokens occur 1-5 times. Lower is
better.

though they may occur in base-model pretraining
data). The corrector reduces errors on both sub-
sets, with larger reductions on rare tokens, indi-
cating that lexical familiarity helps but the gains
are not limited to forms seen during fine-tuning.
It also exactly recovers naturally occurring typos
such as “offesnsive”, “protocal”, “avaialble”, and
“tehhe”. Still, over-correction remains: among task-
unseen tokens already correct in the rank-1 output,
the LLM changed 7/54 (generic) and 30/285 (per-
sonalized) toward more common spellings (e.g.,
changing “itdentical” to “identical” or “mistaks” to
“mistakes”).

4.5 Ablation of Beam-Aware LLM Correction

We further ablate the main factors in the LLM cor-
rection stage using the same exported window-level
hypotheses as Table 2. Figure 3 varies chunk size,
beam size, and LLM scale, with full numbers re-
ported in Appendix Table 9.

The ablations show three main trends. First, lo-
cal context is important: increasing the chunk size
from one to three windows substantially reduces
CER, while longer chunks bring small or incon-
sistent gains. Second, multiple beam candidates
are useful: performance improves from top-1 to
top-5 and top-10, then largely saturates at top-20.
This indicates that the correction gains come partly
from exposing decoder uncertainty beyond the best-
path transcript, and that most useful alternatives are
already covered by the top-10 candidates. Third,
larger LLM correctors improve CER, especially in

13770



(A) Chunk Size-Generic (B) Chunk Size-Personalized

0\0\0/0

1 2 3 1 1 2 3 4
Chunk Size Chunk Size

CER (%)
RS
S =
CER (%)
voNbw
o wu o

(C) Top-k-Generic (D) Top-k-Personalized

0f8 2?0 4:0 9f0
Model Size (B)
== LLM Correction (Personalized)

0?8 2f0 4f0 9f0
Model Size (B)
— = Baseline

=0O= LLM Correction (Generic)

Figure 3: Ablation trends for beam-aware LLM correc-
tion. Dashed lines indicate the rank-1 frontend baseline
under the same windowed protocol. Lower is better.

the generic setting, although gains diminish with
scale. Together with the untuned result in Table 2,
this suggests that both model capacity and task-
specific fine-tuning are needed for reliable beam-
aware correction.

5 Discussion and Conclusion

Our results suggest that language-level correction
for sSEMG typing should be constrained by hypothe-
ses generated from the same sEMG input. Un-
like ASR post-correction, SEMG typing correction
must preserve the exact typed sequence, including
keyboard events and non-lexical fragments; unre-
stricted language-model rewriting can therefore be
harmful. This makes direct rank-1 correction unre-
liable, especially when the first-pass transcript can
be far from the reference.

The correction stage depends directly on the hy-
potheses produced by the frontend. In our system,
the CNN—-Conformer serves both as a first-pass de-
coder and as the source of candidate alternatives
for the LLM. A stronger frontend gives the LLM
a cleaner rank-1 baseline, while its beam-ordered
candidate lists can still preserve locally useful al-
ternatives, such as missing characters, word frag-
ments, or spacing patterns. The LLM then uses
these alternatives together with the rank-1 baseline

and local context to make beam-supported correc-
tions.

The ablation results support this interface de-
sign. Local context helps resolve spelling and word-
boundary errors, while lower-ranked beam candi-
dates provide information that is unavailable from
the rank-1 transcript alone. At the same time, the
gains saturate with a compact beam, suggesting that
useful alternatives are usually concentrated near the
top of the candidate list. The training-overlap anal-
ysis further indicates that the fine-tuned corrector
is not simply memorizing training phrases, since
it also improves inputs with limited phrase-level
similarity.

The corrector is also practical at inference time:
measured with batch size 1 on a single RTX 5090,
it adds about 0.36 seconds per three-window chunk
on top of the shared frontend decoding cost, with
an expected delay of about 3.84 seconds after a seg-
ment ends, reducible to about 2.84 seconds with a
two-second-stride sliding window (Appendix A.2).

Overall, our results show that SEMG typing ben-
efits from connecting a strong signal frontend with
a beam-aware LLM corrector through an explicit
CTC hypothesis interface. Future work should im-
prove both hypothesis generation and correction
constraints so that LLMs can better exploit use-
ful beam alternatives while avoiding unsupported
rewrites.

Limitations

Several limitations remain. First, the proposed cor-
rection method is bounded by the quality of the
CTC hypothesis set. When the correct characters or
word fragments are absent from the beam, the LLM
has limited reliable evidence for recovery. The or-
acle results indicate that useful information can
remain in the beam, but better correction requires
more effective use of beam alternatives rather than
freer language-model rewriting.

Second, sSEMG typing transcription requires ex-
act recovery of the typed sequence. Although
fine-tuning, prompt constraints, and output filter-
ing reduce severe generation failures, the LLM
can still over-correct toward more common words
or phrases when the beam evidence is ambiguous.
This is problematic for typed text, where spelling
variants, punctuation, non-lexical fragments, and
even user errors may be part of the intended out-
put. Moreover, the benchmark mainly contains low-
ercase dictionary words and Wikipedia sentences
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with basic punctuation, and does not include a ded-
icated controlled test set for names, abbreviations,
URLSs, passwords, or code-like strings; our rare-
token analysis (Table 4) covers only naturally oc-
curring cases, and we do not claim reliable exact
recovery for these categories.

Third, our LLM correction stage operates on
fixed three-window chunks. This keeps the prompt
compact and supports local correction, but it may
miss longer-range context and remain sensitive to
window-boundary errors. More flexible streaming
correction, memory across chunks, or confidence-
aware chunking may improve robustness.

Finally, our experiments are limited to the
emg2qwerty benchmark with English QWERTY
typing on a physical keyboard, using the official
split with eight held-out users; leave-one-user-out
evaluation across more folds would further quantify
the effect of training-set size and cross-user vari-
ance. The current corrector also uses a relatively
large LLM and is not optimized for fully on-device
deployment. Future work should evaluate smaller
correctors or distillation, as well as broader settings
including other languages, keyboard layouts, users,
and keyboard-free typing scenarios.

Ethical Considerations

The original emg2qwerty data collection was ap-
proved by an Institutional Review Board and ob-
tained informed consent from participants; the re-
leased data were de-identified, as described by
Sivakumar et al. (2024). Our experiments use
only this public benchmark with de-identified data.
sEMG typing systems can potentially reveal pri-
vate text input. Deployment should require explicit
consent, local processing when possible, secure
storage of EMG and keystroke data, and clear user
control over when transcription is active. In par-
ticular, deployments should guard against failure
modes in which the system transcribes unintended
muscle activity, remains active without clear user
awareness, or retains raw EMG or keystroke data
in ways that could expose private text. Our exper-
iments use a public benchmark with de-identified
data and evaluate prompted text transcription rather
than covert inference.

Code Availability

The source code for this work is publicly
available at https://github.com/Hunyxx/
beam-aware-semg-typing.
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A Appendix

A.1 Training and Runtime Details

We provide additional implementation details for
both stages of the proposed system. The CNN-
Conformer frontend was trained for 200 epochs
with AdamW, using an initial learning rate of
3 x 1074, weight decay 0.1, and batch size 320.
We used a linear-warmup cosine-annealing sched-
ule with 5 warmup epochs, warmup start learning
rate 1078, and minimum learning rate 107, The
frontend was trained on raw SEMG windows of 4
seconds, corresponding to 8000 samples at 2 kHz,
with 900 ms past context and 100 ms future context.

For the beam-aware LLM corrector, we fine-
tuned Qwen3.5-9B with LoRA for 5 epochs using
AdamW with learning rate 10~%, weight decay 0.1,
and batch size 8, together with a cosine learning-
rate schedule. The LoRA configuration used rank
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16, scaling factor o = 32, and dropout 0.05. Gra-
dient checkpointing was enabled to reduce GPU
memory usage. Following the main setting in the
paper, each LLM input contains the top-10 CTC
beam candidates from three non-overlapping con-
secutive windows.

All training was conducted on two NVIDIA
H100 GPUs. Training the generic CNN-
Conformer frontend took approximately 15 hours.
For personalized frontend adaptation, fine-tuning
took about 2 hours for all 8 test users, and beam-
search evaluation required an additional 30 minutes.
LoRA fine-tuning for the beam-aware LLM correc-
tor took approximately 3 hours, and evaluation took
about 2 minutes.

A.2 Inference Latency

We measure inference latency with batch size 1 on
a single NVIDIA RTX 5090 GPU (Table 5). The
frontend uses the same non-overlapping 4-second
windows and beam decoder as the emg2qwerty
baseline, so window accumulation and frontend
decoding are shared costs rather than latency in-
troduced by the LLM. The LLM correction stage
adds about 0.36 seconds per three-window chunk
once the frontend hypotheses are available. Dur-
ing continuous typing, preceding windows have
already been processed, so the three-window input
provides historical context instead of introducing a
new 12-second computation delay; the delay after
a segment ends is approximately 1.84-5.84 sec-
onds, with an expected delay of about 3.84 seconds.
Most of the latency comes from the fixed 4-second
window and CTC beam search. A 4-second slid-
ing window with a 2-second stride would reduce
the estimated average delay to about 2.84 seconds;
shorter windows could reduce it further, although
their accuracy—latency trade-off requires separate
evaluation.

A.3 Comparison of Full-Session and
Windowed Protocols

Table 7 summarizes the difference between the two
evaluation protocols used in Table 1 and Table 2.
The full-session frontend benchmark decodes each
test session as a whole and is used to compare the
frontend with prior emg2qwerty systems. The win-
dowed hypothesis-export protocol decodes each
4-second window locally so that CTC beam hy-
potheses can be exported for LLM correction. Its
rank-1 outputs are concatenated back into com-
plete sessions before computing CER, matching

(a) Shared frontend latency per 4-second window

Component Median latency (ms)
Preprocessing and normalization 5
CNN-Conformer forward 3

CTC beam search 1475

Total frontend 1483

(b) Additional LLLM latency per three-window chunk

Component Median latency (ms)
Prompt construction 1
Qwen3.5-9B generation 357

Output filtering <1

Total additional 358

Table 5: Median inference latency measured with batch
size 1 on a single RTX 5090. (a) Per-window frontend
cost, which is shared with the emg2qwerty baseline de-
coding setup. (b) Additional cost of the LLM correction
stage per three-window chunk.

the evaluation setting used for Table 2. Therefore,
LLM correction results should be compared with
the windowed rank-1 baseline under the same pro-
tocol, while full-session results should be used for
frontend benchmarking.

A4 Backspace Handling

Backspace is modeled as an explicit CTC label
in the frontend. During beam search, the decoder
preserves backspace tokens in the raw keystroke
sequence while rolling back the corresponding
character-LM state, following the emg2qwerty
baseline decoder. The full-session frontend results
in Table 1 therefore evaluate the original keystroke
sequence, including backspaces.

For LLM correction, evaluation uses displayed
text. Before the LLM stage, each backspace is
applied by deleting the preceding character in both
the beam hypotheses and the references, and the
backspace tokens are then removed. The LLM is
thus trained and evaluated only on the text that
remains after these deletions.

A.5 Matched Correction of Full-Session
Frontend Output

Table 8 evaluates whether the LLM corrector im-
proves the strongest frontend output directly. Each
test session is first decoded as a whole, follow-
ing the full-session protocol of Table 1. The re-
sulting rank-1 transcript is divided into 4-second
segments using character timestamps, and this full-
session text serves as the rank-1 input in the LLM
prompt, while the remaining top-10 candidates
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Generic (%)

Personalized (%)

Method

CER | WER | CER | WER |
Windowed rank-1 22.56 + 6.24 58.86 +9.43 342 4+1.32 17.51 £ 4.62
Untuned Qwen3.5-9B 22.66 + 6.19 60.15 £+ 9.58 3.72+1.22 18.35 £ 4.18
Fine-tuned Flan-T5-base 22.54 £ 6.36 57.35 £ 10.40 3.60 + 1.09 15.32 +3.84
Fine-tuned Qwen3.5-9B 19.65 £ 7.07 44.09 + 11.78 2.01 + 0.86 9.11 + 291
Top-10 Candidate Oracle 16.16 & 5.66 47.68 £+ 10.85 1.18 £0.71 7.11 £3.25

Table 6: Expanded beam-aware LLM correction results corresponding to Table 2. All rows use the windowed
hypothesis-export protocol with session-level scoring. Values are mean =+ standard deviation across the eight

held-out users.

Generic Personalized
CER (%)] CER (%) |

Full-session 19.94 +6.38 343+ 1.44
Windowed export 22.56 £ 6.24 3.42 4+ 1.32

Protocol

Table 7: Comparison of the frontend rank-1 outputs un-
der the two evaluation protocols used in the paper. Full-
session corresponds to the frontend benchmark in Ta-
ble 1. Windowed export corresponds to the hypothesis-
export setting used as the within-protocol rank-1 base-
line in Table 2. Values are mean =+ standard deviation
across the eight held-out users.

Method Generic (%) Personalized (%)
CER| WER| CER| WER]

Full-session frontend 20.07  52.47 2.85 12.69

+ Fine-tuned LLM 18.61 47.69 2.40 9.08

Table 8: Matched correction of the full-session fron-
tend output. Both rows use displayed-text evaluation,
with backspaces applied to both predictions and refer-
ences before scoring. Unlike Table 1, which reports
raw-keystroke CER averaged over three random seeds,
this experiment uses a single frontend checkpoint; the
full-session baseline here should only be read as the
matched baseline for LLM correction and should not be
directly compared with Table 1.

come from independent window-level beam de-
coding and serve as local correction evidence. The
fine-tuned LLM improves over this matched full-
session baseline in both settings, confirming that
the correction gains are not an artifact of windowed
hypothesis export.

A.6 Expanded LLM Correction Results

Table 6 provides the expanded version of the beam-
aware LLM correction results in Table 2, including
user-level standard deviations. All rows follow the
same windowed hypothesis-export protocol: CTC
hypotheses are exported for each window, the LLM
corrects three-window chunks, and the corrected

chunk outputs are concatenated back into complete
sessions before computing CER and WER. The
standard deviations summarize variation across the
eight held-out users.

A.7 Ablation Study of Beam-Aware LLM
Correction

Table 9 provides additional ablation results for the
beam-aware LLM correction stage. We vary three
factors: the number of adjacent windows included
in each correction chunk, the number of CTC beam
candidates provided to the LLM, and the size of
the LLM corrector. Unless otherwise specified,
the default setting uses Qwen3.5-9B with three-
window chunks and top-10 beam candidates.
These ablations support the main correction re-
sults reported in Section 4.3. Using multiple beam
candidates clearly improves over top-1 correction,
showing that beam-ordered CTC candidate lists
contain useful alternatives for the LLM. Increas-
ing the chunk size from one to three windows im-
proves correction by providing local context, while
larger chunks bring limited additional gains. The
untuned LLM performs substantially worse than
the frontend output, confirming that task-specific
fine-tuning is necessary for reliable correction.

A.8 Output Filter Analysis

Table 10 reports the effect of the beam-aware out-
put filter. For each model, we compare the direct
LLM output with the final output after filtering.
The filter checks for invalid generations such as
prompt leakage, abnormal length changes, and un-
supported rewrites, and falls back to the rank-1
frontend output when such failures are detected.
More concretely, the implemented filter first re-
jects prompt-format leakage and assistant-role arti-
facts, then applies character-length and word-count
guards relative to the rank-1 baseline. For lexi-
cal support, it builds a support vocabulary from
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Setting

Chunk Top-k

Generic (%)
CER|, WER| CERJ] WER]

Personalized (%)

Effect of chunk size, with top-k = 10 and Qwen3.5-9B

Chunk 1 1 10 20.70 51.57 2.94 14.08
Chunk 2 2 10 19.99 46.77 2.30 10.53
Full setting (default) 3 10 19.65 44.09 2.01 9.11

Chunk 4 4 10 20.07 43.31 2.04 8.72

Effect of beam candidates, with chunk size = 3 and Qwen3.5-9B

Top-1 3 1 23.22 48.97 2.86 11.26
Top-5 3 5 20.11 44.92 2.06 9.12

Full setting (default) 3 10 19.65 44.09 2.01 9.11

Top-20 3 20 19.26 43.35 2.05 9.28

Effect of LLM size, with chunk size = 3 and top-k = 10

Qwen3.5-0.8B 3 10 21.93 47.51 2.51 10.29
Qwen3.5-2B 3 10 21.44 46.39 2.42 10.03
Qwen3.5-4B 3 10 20.25 45.43 2.21 9.71

Qwen3.5-9B (default) 3 10 19.65 44.09 2.01 9.11

Untuned Qwen3.5-9B 3 10 22.66 60.15 3.72 18.35

Table 9: Ablation of the beam-aware LLM correction stage. We vary chunk size, the number of beam candidates,
and LLM size while keeping the remaining settings fixed. The full setting uses Qwen3.5-9B with three-window
chunks and top-10 beam candidates. Shaded rows indicate the default configuration. Bold numbers indicate the best

result within each ablation block. Lower is better.

Model Output Generic Personalized

CER (%) WER (%)| PassRate CER (%)) WER (%) PassRate
Fine-tuned Qwen3.5-9B oY 72 o 99.3% e o 99.9%
Fine-tuned Qwen3.5-0.8B ;ﬁtgggw g%g; i;;gz 98.0% gg% igég 99.9%
Untuned Qwen35-9B oY 280 e 05% e 52.8%

Table 10: Ablation of the beam-aware output filter on session-level LLM correction outputs. “LLM raw” denotes
the direct LLM output before post-filtering, and “Filtered” denotes the final output after applying the beam-aware
output filter. Filter pass rate is reported as a percentage over total examples for each setting. Baseline rows are
omitted because this comparison focuses only on the effect of filtering the same LLM outputs. Lower is better.

the rank-1 baseline and all top-k candidates in
the chunk, computes per-word Levenshtein similar-
ity against that vocabulary, and accepts the LLM
output if at least one of three conditions holds:
character-level similarity to rank-1 is at least 0.72,
the fraction of beam-supported output words is at
least 0.55, or the mean word-support score is at
least 0.72. A word is considered supported if it ex-
actly matches some beam word when its length is at
most 2, reaches similarity > 0.67 when its length
is 3—4, or reaches similarity > 0.66 when its length
is at least 5. These thresholds were selected empir-
ically through preliminary experiments, with the
goal of rejecting clearly invalid generations while
retaining valid corrections, and were then fixed for
all reported test experiments.

For the fine-tuned Qwen3.5-9B corrector, the

filter has only a small effect because most outputs
already satisfy the format and beam-support con-
straints. For the untuned LLM, filtering substan-
tially reduces CER and WER, showing that the
filter mainly acts as a safeguard against severe gen-
eration failures.

A.9 Per-user Chunk-level Error Distributions

Figure 4 reports per-user chunk-level error distribu-
tions under the LLM correction protocol. Each box
is computed from the three-window test chunks
of one held-out user, with CER and WER mea-
sured separately for the rank-1 frontend output
and the LLM-corrected output. LLM correction
lowers the mean CER and WER for most held-
out users in both generic and personalized settings,
showing that the overall gains are not concentrated
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Generic per-user chunk-level errors
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Figure 4: Per-user chunk-level CER and WER distributions in the generic (top) and personalized (bottom) settings.
Boxes show distributions across chunks, and diamonds indicate user-level means.

in a single subject. The improvements are more
consistent after personalization, while the generic
setting shows larger user-dependent variance and
occasional high-error chunks. Overall, the per-user
results indicate broad benefits from beam-aware
correction, with remaining errors mainly concen-
trated in difficult generic cases.

A.10 Chunk-level Correction Behavior

Table 11 further analyzes how LLM correction
changes individual chunks under the windowed
correction protocol. For each chunk, we compare
the rank-1 frontend output with the LLM-corrected
output and categorize whether CER or WER is
reduced, unchanged, or increased.

As shown in the upper panel of Table 11, the
LLM improves more chunks than it worsens in both
generic and personalized settings. In the generic
setting, the corrector changes the noisier rank-1
transcripts more aggressively, leading to a higher
CER worsened rate. However, the WER wors-
ened rate remains much lower, indicating that many
character-level degradations do not introduce addi-
tional word-level errors. After personalization, cor-

rection becomes more conservative: many chunks
remain unchanged, and the worsened rates are sub-
stantially lower.

The lower panel of Table 11 shows that the net er-
ror reduction is positive for both CER and WER in
both settings, confirming that the improvements
outweigh the degradations on average. Unsup-
ported word outputs are much rarer after person-
alization, and the low filter fallback rates indicate
that the reported gains are not mainly caused by
rule-based fallback.

A.11 Edit-level Error Analysis

We examine every insertion and substitution intro-
duced by the fine-tuned LLM corrector under the
main top-10 setting. An edit is beam-supported
when the identical edit appears in at least one top-
k hypothesis in the chunk, and helpful when it
reduces the character distance to the reference. Ta-
ble 12 reports the resulting statistics.
Beam-supported edits are much more reliable
than unsupported edits, showing the benefit of ex-
posing multiple hypotheses to the corrector. Some
unsupported edits are also helpful, suggesting that
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(a) Outcome rates

Generic Personalized
Outcome
CER WER CER WER
Improved by LLM  61.6% 63.5% 49.0% 46.5%
Unchanged 142% 303% 42.0% 47.9%
Worsened by LLM  242% 62% 9.0% 5.6%

(b) Magnitude and safety diagnostics

. Generic Personalized
Metric
CER WER CER WER
Error change (pp)
Gain on improved 7.0 237 35 19.1
Loss on worsened 5.7 17.9 3.7 18.3
Net reduction 2.9 13.9 1.4 7.8

Safety diagnostics
Unsupported words
Filter fallback

0.6%
0.1%

10.3%
0.5%

Table 11: Chunk-level correction behavior under the
windowed LLM correction protocol. In panel (a), values
are percentages over evaluated chunks, and improved,
unchanged, and worsened are computed separately us-
ing CER and WER. In panel (b), error changes are
reported in percentage points (pp). Net reduction is the
average per-chunk error reduction from rank-1 to LLM-
corrected outputs.

the LLM can combine partial evidence across can-
didates instead of only copying a single candidate.
The personalized corrector is more conservative
and corrupts fewer already-correct chunks. Punc-
tuation changes remain the main source of unsup-
ported harmful edits in the generic setting; angle-
bracket token changes are rare and disappear after
personalization.

A.12 Qualitative Examples

Table 13 shows representative examples of beam-
aware LLM correction. We include both successful
cases and failure cases to illustrate how the correc-
tor uses the top-10 CTC hypotheses. The examples
are selected from the session-level correction out-
puts.

The first two cases show typical successful pat-
terns. In the beam-supported correction example,
the LLLM recovers words that are corrupted in the
rank-1 output but appear in lower-ranked beam can-
didates. In the cross-window composition example,
the correction requires combining partial evidence
across adjacent windows. The last two cases show
common failure modes, including language-prior
over-correction and over-editing caused by mislead-
ing lower-ranked beam candidates.

Metric Generic Personalized
Helpful beam-supported edits 65.3% 75.5%
Helpful unsupported edits 34.7% 46.7%
Correct rank-1 chunks corrupted  29.4% 13.0%
WER improved, CER worsened  6.8% 0.4%
Unsup. harmful punct. changes  41.3% 11.9%

Table 12: Edit-level analysis of LLM-introduced in-
sertions and substitutions under the main top-10 set-
ting. An edit is beam-supported if the identical edit
appears in at least one top-k hypothesis of the chunk,
and helpful if it reduces the character distance to the
reference. Generic/personalized counts: 2592/3968
and 778/1030 beam-supported edits, 1550/4468 and
122/261 unsupported edits, 5/17 and 43/332 already-
correct rank-1 chunks corrupted, 92/1357 and 5/1357
chunks with improved WER but worsened CER, and
275/666 and 13/109 unsupported harmful punctuation
changes. Three angle-bracket token changes occurred in
the generic setting, all unsupported and incorrect; none
occurred after personalization.

A.13 Prompt Template

We use the following prompt template for beam-
aware LLM correction in the main top-10 set-
ting. The actual prompt follows the Qwen chat
format; for readability, we omit model-specific
chat tokens here. The placeholders in <INPUT> and
<rankl_concat> are filled with the top-10 candi-
dates and the concatenated rank-1 output from the
corresponding three-window chunk. Within each
window, candidates are listed in beam order at in-
ference time, but rank labels and beam scores are
not shown. The rank-1 hypotheses are additionally
concatenated and provided as a baseline reference
to guide the LLLM toward conservative edits. In
the ablation experiments, the number of provided
candidates is varied as top-k.

The prompt was designed around the exact-
recovery requirements of the task: the rank-1 base-
line serves as a conservative starting point, edits
are allowed only when supported by other beam
candidates, transcription formatting must be pre-
served, and the model is instructed to retain the
rank-1 text when evidence is ambiguous. Its word-
ing was iteratively refined during development to
reduce over-correction and formatting leakage, and
was then fixed for all reported test experiments.
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Type Example and analysis

Beam-supported cor- Reference: spiritual balloon <ENTER> electoral passing sensors tutorial

rection Rank-1: spiritual tallon <ENTER> electoral passint sensors tutorial

LLM: spiritual balloon <ENTER> electoral passing sensors tutorial

Relevant beam evidence:
W1 rank-2 spiritual balloon

W3 rank-3 ng sensors tutorial

Diagnosis: The LLM output exactly matches the reference. The correction of the first phrase is
directly supported by a lower-ranked candidate, and the correction of the word ending in the later
phrase is also supported by lower-ranked beam evidence. This illustrates how exposing top-10
hypotheses can recover information missing from the rank-1 frontend output.

Cross-window compo- Reference: rs pendant curious potato <ENTER> reed childhood teaches a
sition Rank-1: rs pendant curious porato <ENTER> reed cchildhood teaches a
LLM: rs pendant curious potato <ENTER> reed childhood teaches a

Relevant beam evidence:

W1 rank-1 rs pendant curious p
W2 rank-5 otato <ENTER> reed c
W3 rank-2 hildhood teaches a

Diagnosis: The correction requires combining partial evidence across adjacent windows. The
target word is recoverable by composing the end of the first window with the beginning of the
second window, and the duplicated boundary character in the rank-1 output is removed using
evidence from the following window. This illustrates why chunk-level correction is useful for
window-boundary errors.

Language-prior over- Reference: opers churches <ENTER> characterstic vertical
correction Rank-1: opers churchex <ENTER> charactersto vertical
LLM: opers churches <ENTER> characteristic vertical

Relevant beam evidence:

W1 rank-1 opers churche
W2 rank-5 s <ENTER> character
‘W3 rank-2/8 tic vertical

Diagnosis: The correction to the plural word is supported by evidence across adjacent windows.
However, the LLM also rewrites the misspelled typed sequence to a more common spelling
by inserting an additional character. This improves linguistic fluency but hurts exact keystroke
transcription, showing a limitation of language-prior correction when the reference contains typed
spelling variants or errors.

Over-editing with mis- Reference: uments chan <ENTER> abroad franchise charms inve
leading beam evidence  Rapk-1: uments chan <ENTER> abrhad franchise charms inve
LLM: uments dish <ENTER> abroad franchise charms inve

Relevant beam evidence:

W1 rank-1 uments chan <ENTER> abr
W1 rank-8 uments dish <ENTER> abr
W2 rank-1 had franchise

W3 rank-1 charms inve

Diagnosis: The rank-1 output preserves the reference span in the first window but contains a
boundary error around the following word. The LLM repairs the boundary phrase into a more
fluent sequence, but it also replaces the correct span with a lower-ranked and incorrect candidate
from the beam. This shows that exposing top-10 hypotheses can help correction, but misleading
lower-ranked candidates may also encourage over-editing.

Table 13: Qualitative examples of beam-aware LLM correction under the main top-10 setting. <ENTER> denotes
the typed Enter key in the target sequence, not a formatting line break. We analyze whether corrected spans are
supported by the chunk-level hypothesis set rather than assigning each output token to a unique beam candidate.
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Prompt template for beam-aware LLLM correction

System message:

You are a beam-aware transcription corrector. Each window shows multiple candidate transcriptions from a beam decoder.
Combine evidence across candidates within and across windows, and output the corrected text for all windows concatenated,
with no separators or labels. Preserve punctuation and angle-bracketed tokens. If a window is unrecoverable, copy the
primary rank-1 baseline verbatim.

User message:

TASK: Combine beam-decoded candidates into the corrected transcription.

HARD RULES

1) Output the corrected text for all windows concatenated, with no separators between windows.

2) Use PRIMARY as your starting point; modify only where other candidates clearly suggest a different form.

3) Preserve punctuation, spacing, and angle-bracketed tokens, such as <NO_CONTEXT>, exactly as they appear in candidates.
4) Do not add or delete characters beyond what the candidates suggest.

5) When unsure or garbled, copy PRIMARY verbatim.

6) Output the corrected text only. Do not echo window headers, dashes, labels, or list formatting.

Examples (simplified, single window):
Input candidates:

- helo worl

-hello world

- hello worl

PRIMARY: helo worl

Output: hello world

Input candidates:
-roveel auth

-roveel oath

-roveel auth
PRIMARY: roveel auth
Output: roveel auth

Input format:
<INPUT>

=== Window 1 ===
- <candidate_1>
- <candidate_2>

- <candidate_10>
=== Window 2 ===
- <candidate_1>
- <candidate_2>

- <candidate_10>
=== Window 3 ===
- <candidate_1>
- <candidate_2>

- <candidate_10>

PRIMARY:
<rankl_concat>

Table 14: Prompt template used for beam-aware LLM correction. The actual prompt is wrapped in the Qwen
chat format. The in-context examples are simplified single-window cases, while the main evaluated setting uses
three-window chunks with top-10 candidates per window.
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