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Abstract. Handwriting recognition (HWR) from inertial measurement
unit (IMU) signals uses pen motion recorded directly by on-device sen-
sors, offering a privacy-conscious alternative to camera-based or digi-
tizing-tablet capture. Current IMU-based recognizers, however, remain
dominated by recurrent models trained with connectionist temporal clas-
sification (CTC), while attention-based autoregressive (AR) recognizers
are still largely unexplored for this modality. We introduce HWRFormer,
the first AR-based model for IMU-based HWR, as an encoder—decoder
recognizer that combines a 1D convolutional neural network (CNN) en-
coder with an AR Transformer decoder. The migration to AR decoding
improves word-level recognition, but teacher-forced training can weaken
character-level robustness when predicted prefixes drift at inference time.
We address this exposure-bias effect with two complementary interven-
tions. Noise injection perturbs the teacher-forced label prefix during
training, while hybrid CTC-AR training adds training-only auxiliary
alignment supervision to the encoder. On the public OnHW-words500
writer-independent (WI) split, HWRFormer improves both character er-
ror rate (CER) and word error rate (WER) over the recurrent CTC
baseline; on large-vocabulary private words and long-context private sen-
tences, it substantially reduces WER, while CER remains behind the
recurrent baseline, reflecting a trade-off rather than a uniform improve-
ment. Noise injection improves decoder-prefix robustness, while hybrid
CTC-AR training is most effective on OnHW word recognition. Code is
available at https://github.com/muhammadajlal/ HWRFormer.

Keywords: IMU-based HWR, - Exposure bias - Hybrid CTC-AR train-
ing - Noise injection - Writer-independent recognition
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Fig. 1. HWRFormer architecture and hybrid training. At inference, the shared 1D CNN
encoder feeds an AR Transformer decoder, and the decoder consumes its own previous
predictions (dashed feedback loop). Scaled dot-product attention (SDPA) output gating
is applied to the attention outputs within each decoder layer and is shown schematically
at the decoder output. During hybrid training, an auxiliary CTC head on the same
encoder (dashed, training only) adds an alignment loss summed with the AR loss.

1 Introduction

Pen-based document systems are re-emerging as a practical input modality,
driven by smart pens with IMUs embedded in the barrel [16,11]. Unlike camera-
or tablet-based systems, these pens record pen motion and contact force rather
than page images. The raw sensor traces are not anonymous by themselves—
writer identification has been demonstrated directly from inertial handwriting
signals [7]—but on-device inference can avoid transmitting them, making the
modality attractive for clinical screening [20], classroom-based dysgraphia as-
sessment [5], and other privacy-sensitive settings.

The recognition task maps a multi-channel IMU time series to the underlying
character string. The dominant IMU-based HWR pipeline still uses a 1D CNN en-
coder and a bidirectional long short-term memory (BiLSTM) recognizer trained
with CTC loss [8,16,11]. This leaves open whether attention-based AR decoding,
which is widely used in neighboring sequence-recognition tasks [21,6,14], can im-
prove IMU-based HWR under a matched parameter budget; we therefore study
a controlled migration from the recurrent CTC baseline to an attention-based
AR recognizer.

AR Transformer decoders remove CTC’s frame-independence assumption by
conditioning each character on the generated prefix. This larger context can
improve word-level recognition because ambiguous local evidence can be inter-
preted with neighboring characters. However, it also introduces exposure bias:
the decoder receives the ground-truth previous token during training but its own
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previous prediction during inference. When an early prediction is wrong, later
characters are conditioned on a prefix that was not observed during training.
Common remedies either perturb the decoder prefix, as in scheduled sampling
or noise-injection methods, or add auxiliary alignment pressure to strengthen
encoder evidence.

We propose HWRFormer, the first AR-based model for IMU-based HWR,
as a complete encoder—decoder recognizer that combines the established 1D CNN
encoder with an AR Transformer decoder and SDPA output gating (Fig. 1). In
our experiments, the migration to AR decoding appears as a CER/WER trade-
off: HWRFormer improves word-level recognition, but can weaken character-level
robustness when predicted prefixes drift. We therefore study two complementary
ways to make this migration robust. The paper makes three contributions.

1. A controlled migration from the CNN-BiLSTM baseline trained with CTC
loss to an attention-based AR recognizer under a matched parameter budget.
A CNN-Transformer-CTC baseline separates the effect of self-attention from
that of AR decoding, and SDPA output gating is evaluated as a lightweight
architectural variant.

2. Noise injection, a regularizer for AR training that perturbs the decoder’s
input tokens while keeping teacher forcing on the loss side. We evaluate five
replacement modes and a rate sweep across four word and sentence settings.

3. Hybrid CTC-AR training [22,10] as a targeted auxiliary-alignment inter-
vention. We test whether this training-only encoder supervision improves
small-vocabulary word recognition.

2 Related Work

2.1 IMU-based HWR

Online HWR has relied on tablet- or stylus-based capture of pen-position traces
[17]; IMU-equipped pens remove the need for a specialized writing surface.

Wehbi et al. [23] introduced the first end-to-end deep model for the STA-
BILO DigiPen, pairing 1D convolutions with a BILSTM under a CTC objective
and achieving word-level recognition without a dictionary or language model.
The OnHW benchmark released by Ott et al. [16] subsequently established the
large-scale WI evaluation protocol now used in the field, including the OnHW-
words500 dataset. The recent Robust and Efficient Writer-Independent (REWT)
architecture [11] refines the same CNN-BiLSTM model family trained with CTC
and reports state-of-the-art results on OnHW-words500, alongside evaluations
on private datasets.

Alternative architectural choices have also been explored. Alemayoh et al. [1]
combine inertial channels with tip-force sensors and compare CNN, LSTM, and
Vision Transformer architectures for character-level recognition. These works ad-
vance sensor-based pen recognition, but the dominant high-performing systems
for IMU-based HWR still rely on recurrent CTC recognition.
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2.2 Autoregressive Transformers and Gated Attention

The Transformer [21] was introduced for machine translation and now underpins
most large-scale sequence models. Encoder—decoder attention is also widely used
in speech recognition [6,9] and offline handwriting [14,3], where autoregressive
decoding can exploit textual context while attending to input evidence. This
makes attention-based AR recognition a natural candidate for IMU-based HWR,
even though the modality has mostly been studied with recurrent CTC models.

Gating mechanisms have been applied to Transformers at multiple positions.
Gated activations in the feed-forward sublayer, such as the gated linear unit
(GLU) variants of Shazeer [19], improve perplexity at no inference cost and are
now common in many large language model (LLM) backbones. Qiu et al. [18]
study gating at the SDPA output and show that a head-specific sigmoid gate im-
proves perplexity, stabilizes training by suppressing loss spikes, and mitigates the
attention-sink phenomenon. Their analysis links the gain to added non-linearity
in the value-output projection and to input-dependent sparsity that filters re-
dundant attention mass.

2.3 Exposure Bias in Autoregressive Sequence Models

Teacher-forced AR training is known to suffer from exposure bias. The decoder
sees ground-truth prefixes during training, but must condition on its own pre-
dictions at inference time [2]. Existing remedies act either on the decoder input
or on the encoder evidence.

On the decoder side, scheduled sampling [2] interpolates between teacher forc-
ing and self-conditioning during training, but is unstable for Transformers [15].
Word dropout [4] and related noise-injection techniques perturb the decoder
input directly while keeping teacher forcing on the loss side.

On the encoder side, joint CTC—attention training was introduced for end-
to-end speech recognition by Watanabe et al. [22] and concurrently by Kim et
al. [10]. The auxiliary CTC loss attaches frame-level alignment supervision to
a shared encoder, which can stabilize attention training and accelerate encoder
convergence. The technique is now standard in speech recognition, including the
Conformer architecture [9]. In this paper we test whether the same alignment
pressure can improve IMU-based HWR by preserving encoder evidence for an
AR decoder.

3 Method

3.1 HWRFormer

HWRFormer is a complete encoder—decoder recognizer. Its encoder is the 1D
CNN encoder from REWI [11], which we keep unchanged across comparisons
so that the experiments isolate the decoder and training objective. It maps a

13-channel IMU sequence x € RT*13 to a downsampled feature sequence h €
RT'x512
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The decoder is a two-layer Transformer with four attention heads, a 256-
dimensional hidden state, and a feed-forward width of 896, attached to the
encoder output h. We evaluate two lightweight SDPA output gates following
prior gated-attention work [18]: an elementwise sigmoid gate over features and
a headwise scalar gate per attention head. The hyperparameters are chosen so
that the full encoder—decoder model is comparable in parameter count to the
REWTI baseline.

AR Training HWRFormer is trained with cross-entropy under teacher forcing
on character-level targets. The decoder vocabulary V,, extends the CTC charac-
ter vocabulary Vet., which includes the blank, with padding (PAD), beginning-
of-sequence (BOS), and end-of-sequence (EOS) tokens.

3.2 Noise Injection

Noise injection is a decoder-prefix regularizer that targets exposure bias while
keeping teacher forcing on the loss side. Let y = (y1, ..., yn) be the ground-truth
character sequence and yi,p, = (BOS, y1,...,yn—1) the teacher-forced decoder
input. For each mode m, the replacement distribution ¢,,(x) maps an input char-
acter = to a probability distribution over replacement characters. We construct
the noisy input yin, by sampling independently at each non-special position ¢,
_ {i“t, Zt ~ Gm (Yinp,r) Wwith probability py;,
Yinp,t = . (1)
Yinp, ¢ otherwise,
and train the decoder with cross-entropy on the unchanged target y conditioned
on yinp and the encoder features h:

N
Ly = = log Py(y: | Finp.<t, h) . @

t=1

The decoder is therefore trained to predict the next ground-truth token even
when its prefix is partially wrong, encouraging it to rely on encoder evidence
rather than only on the previous-step input. The mechanism is the character-
level analogue of word dropout [4]. Noise injection adds no parameters and no
inference cost. We use p,; = 0.15 unless stated otherwise.

The five choices of ¢, form four families: agnostic uniform noise, corpus-based
bigram substitutions, recognizer-specific self-confusion, and position-level adja-
cent swaps. This lets the ablation test whether robustness comes from generic
noise or from structured errors.

Uniform noise is the agnostic mode. It draws Z from V,, after removing PAD,
BOS, EOS, and the CTC blank, independently of x. Because it ignores linguistic
plausibility and recognizer-specific error patterns, a positive effect indicates that
dense prefix perturbation alone can help.
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Bigram-right and bigram-left are corpus-based modes computed from char-
acter bigrams in the training fold. Bigram-right replaces = by characters that
empirically follow z, i.e., P(yi+1 | ye=x), while bigram-left replaces « by char-
acters that empirically precede z, i.e., P(y:—1 | yr=x). The pair tests whether
forward or backward corpus statistics better approximate inference-time prefix
errors under left-to-right decoding.

Self-confusion is recognizer-specific. It builds a per-fold confusion matrix by
greedily decoding the HWRFormer trained without noise injection on the train-
ing fold; replacements are then sampled from the empirical distribution of pre-
dicted characters for each ground-truth character z. Bigram and self-confusion
lookup tables use additive smoothing with weight 1.0 for unseen contexts.

Adjacent-swap is position-level. It perturbs order rather than identity by ex-
changing the token at ¢ with a neighboring prefix token, modeling transposition-
style errors while leaving the multiset of prefix characters unchanged.

All five modes share the same training loop and are selected by a single mode
flag, so the comparison controls for everything except ¢, .

3.3 Hybrid CTC-AR Model

The hybrid model attaches an auxiliary CTC head to the encoder output h in
parallel with HWRFormer’s AR decoder. The total loss is

L= )\arﬁar + Actcﬁctm (3)

with A\, = 1.0 and At = 0.1 throughout, the empirical optimum from the sweep
in Sect. 4.4. The auxiliary CTC head is used only during training. Decoding uses
HWRFormer’s AR decoder.

4 Experiments

4.1 Experimental Setup

Datasets The primary evaluation dataset is the public OnHW-words500 word
split [16], evaluated under both the WI and writer-dependent (WD) protocols.
The dataset comprises 25,199 samples from 53 writers, partitioned into five cross-
validation folds: WT folds are writer-disjoint (each fold holds out the samples of
roughly one fifth of the writers, giving approximately 20,160 training and 5,040
validation samples per fold), whereas WD splits by words so that all writers
appear in both training and validation. The samples are German and English
words recorded with a STABILO DigiPen, using 13-channel IMU traces from
two accelerometers, a gyroscope, a magnetometer, and a force sensor. Labels
come from a 500-word vocabulary and a 60-entry character set, consisting of
upper- and lower-case English and German letters, and the CTC blank symbol.
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We use this dataset to test small-vocabulary word recognition under different
writer-overlap protocols.

In addition, we report results on a private STABILO IMU pen dataset
recorded with an updated sensor hardware generation [11], evaluated under the
WI protocol with writer-disjoint 5-fold splits. The dataset has a German and
English word subset with 24,163 samples from 520 writers, using the same 60-
entry German/English character set as OnHW-words500, and a sentence subset
with 20,639 samples from 456 writers. The sentence subset contains longer se-
quences from a large vocabulary and extends the same 60-entry character set
with the digits 09, the symbols ! > () + , - . / : ; = 7 . and the space
character, yielding 85 entries.

The private dataset cannot be redistributed for licensing reasons, so the pub-
lic OnHW-words500 experiments form the reproducible core of this study; the
private subsets serve as cross-dataset confirmation under different recording con-
ditions and as the only long-context evaluation.

Training We adopt REWI’s preprocessing pipeline unchanged [11] and follow
its training paradigm: all models are trained for 300 epochs with AdamW [13],
base learning rate 1073, cosine annealing schedule [12], and 30 warmup epochs.
The mini-batch size is 64 and gradients are clipped to a norm of 5.0. The AR
cross-entropy loss uses label smoothing of 0.1. Only the best-CER checkpoint
is retained for downstream inference. All experiments use the predefined 5-fold
splits provided by [16,11]. To ensure a fair comparison, the REWT baseline is
scaled to match HWRFormer’s parameter budget. The CNN front end, optimizer,
and schedule are otherwise identical across models.

Metrics We report 5-fold validation means of CER and WER, both Leven-
shtein edit rates normalized by reference characters and words, respectively.
Checkpoints minimize validation CER; WER and decoded-output analyses use
the same epoch. Hyperparameter selection and reporting use the same folds, so
sweep comparisons are descriptive.

We also report model size and inference cost using trainable parameters and
multiply-accumulate operations (MACs), computed as half the floating-point
operation count from PyTorch’s FlopCounterMode. The MACs in Table 2 use
the OnHW-words500 word setting with 1,024 timesteps. For AR and hybrid
models, the counter runs the full greedy decoding path with len max=6, the
rounded-up mean OnHW-words500 text label length.

4.2 From CTC to AR Decoding

Table 1 uses the WI and WD splits of public OnHW-words500 as the primary
migration benchmark and adds the private subsets as transfer checks. To separate
the contribution of self-attention from that of AR decoding, we additionally
evaluate a parameter-matched CNN-Transformer-CTC baseline, which replaces
REWT’s BILSTM with a Transformer encoder.



8 M. Ajlal et al.

Table 1. Controlled migration from REWI to HWRFormer on OnHW-words500
(OnHW) and the private word and sentence subsets: 5-fold mean and across-fold stan-
dard deviation (STD) of CER and WER in %; lower is better. Best mean per dataset
and metric in bold.

OnHW (WI) OnHW (WD) Priv. (words) Priv. (sent.)
CER WER CER WER CER WER CER WER

REWTI [1]] Mean 7.30 15.16 14.81 44.77 9.39 31.82 6.55 23.52
STD 6.85 10.05 3.84 7.84  0.59 0.69 0.71  2.27

CNN-Transf.-CTC Mean 7.16 15.33 12.96 41.88 9.53 33.81 7.41 29.13
STD 6.90 10.43 3.44 765 0.63 082 0.82 294

Method Metric

HWRFormer Mean 7.10 10.39 16.47 32.07 10.59 21.39 10.37 16.73
(ungated) STD 715 808 573 921 077 123 108 1.57

HWRFormer Mean 6.94 10.50 16.31 31.87 9.96 19.04 9.28 14.88
(elementw.) STD 710 826 620 931 044 056 1.50 1.89

HWRFormer Mean 6.99 10.47 15.70 31.08 9.63 19.07 9.12 14.96
(headw.) STD 719 842 591 925 071 108 127 147

Table 2. Model size and inference cost: trainable parameters and multiply-accumulate
operations (MACs) in millions, measured as defined in Sect. 4.1. Lowest MACs in bold.

Method #Params (M) MACs (M)
REWI [11] 4.64 413
CNN-Transformer-CTC 4.62 429
HWRFormer (ungated) 4.57 653
HWRFormer (elementwise) 4.64 669
HWRFormer (headwise) 4.57 667

Autoregressive decoding and gating On public OnHW WI, replacing REWI
with HWRFormer trained by AR cross-entropy cuts WER from 15.16 to 10.39
(—31.5%), while CER changes only from 7.30 to 7.10. The parameter-matched
CNN-Transformer-CTC baseline keeps both metrics near REWI (CER 7.16,
WER 15.33), so replacing recurrence with self-attention alone does not explain
the word-level gain. SDPA gating then provides a small further CER reduction
(6.94 elementwise, 6.99 headwise) with negligible parameter increase. The WD
split shows the same word-level effect. Headwise gating gives the best WER, re-
ducing REWT’s 44.77 to 31.08, a 13.69 pp absolute and 30.6 % relative reduction.
This gain comes with higher inference cost because greedy AR decoding runs
one step per output character. At len max=6, the full AR decode costs 58-62 %
more MACs than REWT’s single-pass CTC decoding (Table 2).

Private-dataset evaluation Private results in Table 1 compare the HWR-
Former variants with the CTC baselines. HWRFormer (elementwise) substan-
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tially reduces REWIT’s WER on both subsets (31.82 to 19.04 on words, —40.2 %;
23.52 to 14.88 on sentences, —36.7 %), extending the OnHW WER finding to
larger private vocabularies and long-context sentences. The CER result is dif-
ferent. REWTI’s CTC-trained BiLSTM remains stronger than the HWRFormer
variants, which shows that the move to AR decoding changes the error profile
rather than uniformly improving every metric. Headwise gating has a small ob-
served CER advantage over elementwise on the private data (9.63 vs. 9.96 on
words, 9.12 vs. 9.28 on sentences), while WER is essentially identical between
the two.

4.3 Robust AR Training: Noise Injection

The migration study identifies where AR decoding helps and where it needs reg-
ularization. We next evaluate the five noise-injection modes defined in Sect. 3.2
at the operating point p,;=0.15: Figure 2 compares the replacement modes with
every other component held fixed, and Table 3 reports the uniform-mode results
across datasets.

W baseline

B uniform

[ bigram-right
3 bigram-left
[ self-confusion
B adjacent-swap

OnHW-WI OnHW-WD Priv-words Priv-sent

Fig. 2. Noise-injection mode comparison across the four word and sentence settings.
5-fold mean CER (%) at pni=0.15 on the elementwise-gated HWRFormer.

Mode comparison across replacement distributions Uniform is the most
consistent default across the four settings, with the clearest CER gains on OnHW
WD and both private subsets. Because the other substitution modes usually
stay within about 1 pp CER, these means do not establish a superior structured
replacement distribution. Adjacent-swap is the consistent negative case.

At the cross-dataset operating point p,; = 0.15 used in Table 3, uniform noise
changes OnHW WI ounly slightly (—1.2%, 6.94 to 6.86), but it gives larger CER
gains on OnHW WD (—17.1%, 16.31 to 13.52), private words (—21.8 %, 9.96 to
7.79), and private sentences (—23.6 %, 9.28 to 7.09). This pattern is consistent
with noise injection helping most when predicted prefixes drift farther from the
teacher-forced prefixes seen during training.
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Fig. 3. Noise-rate sweep (uniform mode, 5-fold mean). CER is plotted on the left axis
and WER on the right axis as functions of pni. The dotted vertical line marks the
default pn; = 0.15.

Noise-rate sweep We evaluate five noise rates (0.05, 0.10, 0.15, 0.20, 0.30)
on all four word and sentence settings with full 5-fold cross-validation. Figure 3
traces CER and WER curves on OnHW WI, OnHW WD, private words, and
private sentences.

1. CER is U-shaped in all four settings, with the empirical minimum at p,; =
0.10 on OnHW WI and private sentences, at p,; = 0.05 on OnHW WD, and
at py; = 0.15 on private words. We use py; = 0.15 as a single cross-dataset
default rather than as a per-dataset optimum; it stays within 1pp of each
CER minimum, and on private words it coincides with the optimum.

2. WER monotonically degrades with p,; on OnHW WI, private words, and
private sentences, while OnHW WD dips slightly at p,; = 0.05 before rising.
Higher noise rates can change an output into another plausible word and
therefore hurt WER.

4.4 Hybrid CTC-AR Training

Table 3 shows that hybrid CTC-AR training is most useful on OnHW word
recognition. On the WI split, hybrid alone gives the best WER and hybrid plus
noise gives the best CER, so the auxiliary alignment objective yields a small
observed gain over the AR recognizer. This pattern is stronger on WD. Hybrid
improves WER, while hybrid plus noise gives the largest CER reduction.
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Table 3. Cross-dataset effect of noise injection and hybrid training: 5-fold mean and
across-fold standard deviation (STD) of CER and WER in %; lower is better. HWR-
Former denotes the elementwise-gated AR variant from Table 1; “+” rows add the

labeled training intervention on top of HWRFormer. Best mean per dataset and met-
ric in bold.

OnHW (WI) OnHW (WD) Priv. (words) Priv. (sent.)

Model Metric
CER WER CER WER CER WER CER WER
REWI [11] Mean 7.30 15.16 14.81 44.77 9.39 31.82 6.55 23.52
STD 6.85 10.05 3.84 7.84  0.59 0.69 0.71  2.27
HWRFormer Mean 6.94 10.50 16.31 31.87 9.96 19.04 9.28 14.88
STD 710 8.26 6.20 9.31 0.44 0.56 1.50 1.89
+ Noise Mean 6.86 13.04 13.52 35.98 7.79 23.39 7.09 18.83
STD 6.66 8.82 4.06 6.17  0.69 1.33  0.78 1.60
+ Hybrid Mean 6.83 10.17 13.39 27.42 9.37 19.65 9.38 16.98

STD 7.10 8.20 5.70 9.28  0.72 1.02 1.33  2.00

+ Hybrid + Noise Mean 6.70 12.93 11.49 31.72 7.85 24.88 9.73 27.52
STD 6.64 9.21 3.99 6.42  0.60 1.31 0.45 1.15

The private settings in the same table behave differently. Noise alone gives the
best private-word CER, HWRFormer alone gives the best WER on both private
subsets, and REWI remains strongest on private-sentence CER. Stacking hybrid
and noise worsens private WER, relative to either intervention alone, especially
on sentences. Hybrid is therefore a targeted alignment regularizer for OnHW
words rather than a universal default.

Direct exposure-bias probe Using the best-CER checkpoints underlying Ta-
ble 3, the exposure-bias probe evaluates each HWRFormer recipe with and with-
out teacher forcing; Table 4 reports the resulting CER values and gap reductions.

Removing teacher forcing exposes a sizeable prefix-drift gap for the AR-only
HWRFormer: greedy autoregressive CER is 4.19-6.55 pp higher than teacher-
forced CER, with the largest gap on private sentences. Relative to this AR-only
exposure-bias gap, noise injection closes 61.1 % on OnHW WI, 67.4 % on OnHW
WD, 72.9% on private words, and 62.3 % on private sentences. Hybrid CTC-AR
alone reduces the gap much less (3.1-34.8 %), which supports its interpretation
as an encoder-side regularizer rather than a direct exposure-bias remedy. The
combined recipe gives the largest reduction on three datasets, but remains close
to noise alone on private sentences, suggesting that the two interventions partly
overlap on the same exposure-bias axis. We therefore use Table 4 as a diagnostic
of exposure-bias mitigation, while Table 3’s greedy autoregressive metrics remain
the primary recognition results.
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Table 4. Teacher forcing (TF) vs. greedy autoregressive decoding for CER (%) on
the same fold checkpoints. Within each method pair, the first row uses greedy autore-
gressive decoding with self-fed predictions, while the second row marked TF feeds the
ground-truth prefix at every step and takes a per-position argmax. “Gap red.” is the
percentage reduction of the CER gap between greedy autoregressive and teacher-forced
decoding relative to HWRFormer on the same dataset. All entries are recomputed in
this paired diagnostic evaluator on the same best-CER checkpoints as Table 3. Best
gap reduction per dataset in bold.

OnHW (WI) OnHW (WD) Priv. (words)  Priv. (sent.)
CER Gap red. CER Gap red. CER Gap red. CER Gap red.
6.95 16.31 9.96 9.28

TF Noise Hybrid

v 976 0% qpg1 00% 5oy 00%  ons 00%
;v 686 G B9 g TS0 g0 T g gy
v j g:?i 3.1% 19%&;368 34.8% g:i’; 10.4% g:gg 7.2%
T O e B e 1 U5 o

Acte selection Joint CTC—attention systems in speech recognition often use
Acte ~ 0.3 to 0.6 [22,10]. We sweep Actc € {0.1,0.2,...,1.0} on OnHW-words500
WI to select the value for IMU-based HWR (Fig. 4). The best setting is much
lighter than the speech default: .. = 0.1 is the only setting that beats AR-only
on both CER and WER. For Ai. > 0.2, downstream CER degrades while WER
plateaus near the AR-only level, so the joint win disappears. We therefore adopt
Acte = 0.1 throughout.

5 Discussion

HWRFormer changes the REWI error profile The controlled migration
characterizes what changes when IMU-based HWR moves from recurrent CTC
decoding to an AR Transformer. REWT uses CTC frame-level alignment, which
favors character-level accuracy, whereas HWRFormer conditions each charac-
ter on the generated prefix, giving the decoder a larger textual context and
substantially reducing WER on the private subsets. The parameter-matched
CNN-Transformer-CTC baseline does not reproduce this shift, so self-attention
alone does not explain the result. HWRFormer also shows weaker character-level
robustness when the predicted prefix diverges from the ground truth. Noise injec-
tion and hybrid CTC—AR training address this effect at complementary training
locations: the former exposes the decoder to imperfect prefixes, while the latter
supplies auxiliary encoder alignment supervision.
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Fig. 4. Downstream metrics of the hybrid model vs. A¢tc on OnHW WI. Curves show
the 5-fold mean with standard error of the mean (SEM) bands; the selected value and
AR-only reference are indicated in the plot.

‘When does noise injection help? Exposure bias predicts that an AR decoder
trained under teacher-forced prefixes degrades most when its inference-time pre-
fixes drift farthest from the training distribution. A single early prediction error
is carried into every subsequent decoding step, so the gap grows with sequence
length and with vocabulary breadth. The divergence across settings in Fig. 2
partly matches this prediction: noise injection has little effect on OnHW WI,
where HWRFormer already achieves a low CER and leaves little room to im-
prove. Its lower error rate and short sequences keep test-time prefixes closer
to the teacher-forced training distribution, so prefix perturbation provides only
a small signal. The gains are larger on OnHW WD, where HWRFormer has
substantially higher CER, and on both private subsets, which use larger vocab-
ularies, with the sentence subset additionally providing longer sequences. The
strong WD result shows that sequence length and vocabulary breadth do not
explain the pattern alone. The dataset settings also differ in writer overlap, hard-
ware, and label distributions, so we read prefix drift as a consistent explanation
rather than an isolated cause. Because the perturbation is applied only during
training, noise injection changes robustness without adding inference cost.

The substitution modes cluster closely, which suggests that frequent prefix
perturbation matters more than the exact replacement distribution. Adjacent-
swap is the informative negative case. It perturbs the prefix by exchanging neigh-
boring characters, which removes local order information without providing the
substitution-style errors that resemble greedy autoregressive decoder mistakes.
Its failure shows that not every prefix perturbation helps and makes a purely
generic-noise explanation less likely. The direct probe in Table 4 gives the nu-
merical check. On private sentences, noise injection reduces the teacher-forced
versus greedy autoregressive CER gap by 62.3 %, while hybrid CTC-AR alone
reduces it by only 7.2 %.
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Hybrid CTC-AR is an encoder regularizer Hybrid CTC-AR training has
its strongest observed effect on the OnHW word splits. On the WI split, the
primary generalization test, it adds a modest alignment benefit on top of HWR-
Former’s word-level gain, and the stronger hybrid and hybrid-plus-noise gains
on WD, where the writer style is familiar, are consistent with auxiliary align-
ment sharpening character-level evidence for familiar writing styles. Because
the auxiliary CTC head acts only on the encoder during training, this reading
is consistent with encoder-side regularization, although the WI/WD comparison
does not identify the underlying bottleneck. On the private subsets, hybrid alone
does not improve WER over HWRFormer and the hybrid-plus-noise combina-
tion degrades it further, whereas noise injection alone gives the broadest CER
gains. This split is consistent with large-vocabulary and long-context inference
depending more on prefix robustness than on sharper encoder evidence.

The upper end of the speech-style range, Acie = 0.6, is too strong here,
while Acte = 0.1 supplies alignment pressure without letting the CTC objective
dominate. The Actc sweep shows that increasing the auxiliary loss weight does not
track downstream recognition quality, which makes a “stronger CTC objective
implies better recognition” explanation unlikely. The auxiliary head is therefore
best read as an encoder regularizer rather than as an alternative recognizer.

Hybrid and noise injection are complementary, not additive The two
interventions act on overlapping parts of the same robustness problem, so di-
minishing returns are expected, and stacking them is not additive under the
evaluated settings: it lowers CER on OnHW but worsens private WER relative
to either intervention alone. We therefore present the interventions as targeted
alternatives rather than as a universal stacked recipe.

6 Conclusion

We introduced HWRFormer, the first AR-based model for IMU-based HWR, to
test whether attention-based decoding can improve a modality still dominated by
recurrent recognizers trained with CTC. The controlled migration shows a clear
change in error profile: AR decoding improves word-level recognition but can
make character accuracy more sensitive to prefix drift. Noise injection improves
decoder-prefix robustness, whereas hybrid CTC-AR training provides training-
only encoder supervision; their combined gains are not additive across datasets.

Future work includes quantifying the noise-injection mechanism beyond IMU
handwriting and confidence-aware fallback decoding with HWRFormer’s implicit
language model.

Use of Generative AI. Generative Al tools supported language editing, proofread-
ing, and consistency checks; the authors reviewed and verified all technical content,
citations, and final wording.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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